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How many words can my robot learn?
An approach and experiments with one-class learning*

L. Seabra Lopes and A. Chauhan
Universidade de Aveiro, Portugal

This paper addresses word learning for human–robot interaction. The focus is on 
making a robotic agent aware of its surroundings, by having it learn the names of 
the objects it can find. The human user, acting as instructor, can help the robotic 
agent ground the words used to refer to those objects. A lifelong learning system, 
based on one-class learning, was developed (OCLL). This system is incremen-
tal and evolves with the presentation of any new word, which acts as a class 
to the robot, relying on instructor feedback. A novel experimental evaluation 
methodology, that takes into account the open-ended nature of word learning, 
is proposed and applied. This methodology is based on the realization that a 
robot’s vocabulary will be limited by its discriminatory capacity which, in turn, 
depends on its sensors and perceptual capabilities. The results indicate that the 
robot’s representations are capable of incrementally evolving by correcting class 
descriptions, based on instructor feedback to classification results. In succes-
sive experiments, it was possible for the robot to learn between 6 and 12 names 
of real-world office objects. Although these results are comparable to those 
obtained by other authors, there is a need to scale-up. The limitations of the 
method are discussed and potential directions for improvement are pointed out.

Keywords: human–robot interaction, external symbol grounding, word learning, 
one-class learning, experimental methodologies

Introduction

The robotics community is increasingly involved in designing and developing 
user-friendly robots, that is, robots that are flexible, adaptable and easy to com-
mand and instruct (Breazeal & Scassellati, 2000; Chatila, 2004; Fong, Nourbakhsh 
& Dautenhahn, 2003; Seabra Lopes & Connell, 2001b). A user-friendly robot must 
be prepared to adapt to the user. This adaptation includes the capacity to take a 
high-level description of the assigned task and carry out the necessary reasoning 
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steps to determine exactly what must be done. Reasoning capabilities such as ac-
tion sequence planning or logical inference are, by definition, based on manipulat-
ing symbolic representations.

User-friendliness also includes understanding and using the communication 
modalities of the human user. Spoken language is probably the most powerful 
communication modality. It can reduce the problem of assigning a task to the 
robot to a simple sentence, and it can also play a major role in teaching the robot 
new facts and behaviors. There is, therefore, a trend to develop robots with spoken 
language capabilities (Levinson, Squire, Lin & McClain, 2005; Seabra Lopes, 2002; 
Seabra Lopes, Teixeira, Quinderé & Rodrigues, 2005; Steels & Kaplan, 2002; see 
also several reports in Seabra Lopes & Connell, 2001a).

This paper addresses word learning for human–robot interaction. The learn-
ing paradigm of choice for this work is one-class learning. An incremental learn-
ing system based on Support Vector Data Description (Tax, 2001) was developed 
to support the grounding of word meanings. Given the open-ended nature of 
word learning, this system is designed to support the concurrent/opportunistic 
learning of an arbitrary number of classes/words. Through mechanisms of shared 
attention and corrective feedback, a human user, acting as an instructor, can help 
the robot ground the words used to refer to real-world office objects that it finds 
in its environment. A novel experimental evaluation methodology is proposed 
for word learning. This methodology took two main considerations into account. 
On the one hand, word learning is an open-ended domain. On the other hand, an 
agent’s vocabulary will be limited by its discriminatory capacity which, in turn, de-
pends on its sensors and perceptual capabilities. This methodology can be useful 
for comparing the word learning capabilities of different agents and for assessing 
research progress on scaling-up to larger vocabularies.

Situating the problem

Symbol and language grounding

Both reasoning and language processing involve the manipulation of symbols. By 
symbol we mean a pattern that represents some entity in the world by association, 
resemblance or convention. Association and resemblance arise from perceptual, 
sensorimotor and functional aspects while convention is socially or culturally es-
tablished.

The advent of computers encouraged people to start developing “intelligent” 
artifacts, including artifacts with human-level intelligence (Turing, 1950). As rea-
soning and language are key components of intelligence, the first few decades of 
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research on artificial intelligence (AI) focused on first-order logic, semantic net-
works, logical inference, search techniques and natural language processing. Sym-
bol systems in AI were theorized by Simon and Newell in successive publications 
since the 1970s, and became the dominant model of the mind in cognitive science 
(see the survey and critical analysis of Anderson & Perlis, 2002).

These symbolic representations were amodal in the sense that they had no 
obvious correspondence or resemblance to their referents (Barsalou, 1999). As as-
pects related to perception and sensorimotor control were largely overlooked, es-
tablishing the connection between symbols and their referents remained an open 
issue. The problem of making the semantic interpretation of a formal symbol sys-
tem intrinsic to that system was called “the symbol grounding problem” (Harnad, 
1990). Eventually, the limitations of classical symbolic AI led to a vigorous reac-
tion, generally known as “situated” or “embodied” AI, and, in particular, to the 
“intelligence without representation” views of Brooks (1991).

In the meantime, the resurgence of connectionism led various authors to 
propose hybrid symbolic/connectionist approaches. In particular, Harnad (1990) 
proposed a hybrid approach to the “symbol grounding problem,” which consists 
of grounding bottom-up symbolic representations in iconic representations (sen-
sory projections of objects) and categorical representations (learned or innate 
connectionist functions capable of extracting invariant features from sensory pro-
jections). Elementary symbols are the names of these categories. More complex 
representations are obtained by aggregating elementary symbols.

The increasing concern with perception and sensorimotor control, both in the 
AI and robotics communities, was paralleled in cognitive science. Barsalou (1999) 
develops a theory on “perceptual symbol systems,” which takes up the classical 
(perceptual) view of cognition. A “perceptual symbol” is viewed as an unconscious 
neural representation that represents some component of perceptual experience. 
Related perceptual symbols become organized into a kind of category or concept, 
called a simulator. The simulator is able to produce limitless simulations (conscious 
mental images of members of the category) even in the absence of specific percep-
tual experience. Simulators can be aggregated in frames to produce simulators for 
more complex categories. Linguistic symbols are viewed as perceptual symbols for 
spoken or written words. As linguistic simulators develop, they become associated 
with the simulators of the entities to which they refer.

Taking a broader perspective, Clark (1997) sees control of embodied action as 
an emergent property of a distributed system composed of brain, body and envi-
ronment. However, Clark rejects radical anti-representationalist approaches and 
accepts the need for representations geared to specific sensorimotor needs. He also 
emphasizes the importance of external scaffolding, that is, the support provided to 
thought by the environment and by public language.
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A distributed view on language origins, evolution and acquisition is emerg-
ing in linguistics. This trend emphasizes that language is a cultural product, per-
petually open-ended and incomplete, ambiguous to some extent and, therefore, 
not a code (Love, 2004). The study of language origins and evolution has been 
performed using multi-robot models, with the Talking Heads experiments as a 
notable example (Steels, 2001). Steels and Kaplan (2002) have reported a related 
robotic approach to language acquisition. Given that language acquisition and 
evolution, both in human and artificial agents, involve not only internal, but also 
cultural, social and affective processes, the underlying mechanism has been called 
“external symbol grounding” (Cowley, 2007a).

The symbol grounding problem was originally formulated as a problem of for-
mal symbol systems and classical AI (Harnad, 1990). However, most research on 
symbol grounding has been taking place within cognitive science, usually with a 
strong cognitive modeling flavor and, therefore, with concerns for psychological 
plausibility (Cangelosi, 2005). However, it is becoming necessary to study symbol 
and language grounding from an engineering perspective, that is, having in mind 
the development of machines with reasoning and language skills suitable for prac-
tical applications. The main criterion here is no longer the psychological plausibil-
ity of the approaches but their utility. This is consistent with a modern view of AI, 
which no longer concentrates on solving problems by simulating human intelli-
gence, but rather on developing practically useful systems with the most suitable 
approaches. 

Word learning

This paper addresses word learning with a motivation coming from the area of 
human–robot interaction. Word learning is a basic language acquisition task and, 
therefore, relies on external symbol grounding mechanisms. For artificial agents, 
the problem is designing suitable mechanisms for this. Cognitive models and ro-
botic prototypes have been developed for the acquisition of a series of words or 
labels for naming certain categories of objects. The next paragraphs provide an 
overview of some of the main published models and prototypes.

Harnad, Hanson, and Lubin (1991, 1995) study categorical perception effects 
(within-category compression and between-category expansion) with a three-layer 
feed-forward network. The work involved the sorting of lines into three categories 
(“short,” “middle,” “long”). Plunkett and collaborators (Plunkett, Sinha, Moller & 
Strandsby, 1992; Plunkett & Sinha, 1992) use a dual-route connectionist architec-
ture with auto-associative learning for studying language production and under-
standing. Retinal and verbal information were present in both input and output 
layers, and the network had two hidden layers. After training, the network could be 
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used both for language generation (object category name, given visual perception) 
and understanding (object visualization given the name). Sales and Evans (1995) 
used a dual-route architecture based on “weightless artificial neurons.” They claim 
that their system can easily acquire 50 grounded nouns, although the demonstra-
tion is limited to three object categories (“apple,” “jar” and “cup”).

Roy and Pentland (2002) present a system that learns to segment words out 
of continuous speech from a caregiver while associating these words with co-oc-
curring visual categories. The implementation assumes that caregivers tend to re-
peat words referring to salient objects in the environment. Therefore, the system 
searches for recurring words in similar visual contexts. Two-dimensional histo-
grams for multiple views for representing each object and a chi-squared distance 
metric were used for comparing objects. Word meanings for seven object classes 
were learned (e.g., a few toy animals, a ball.)

Steels and Kaplan (2002, see also Steels, 2001) use the notion of “language 
game” to develop a social learning framework through which an AIBO robot can 
learn its first words with human mediation. The mediator, as a teacher, points 
to objects and provides their names. The robot uses color histograms and an in-
stance-based learning method to learn word meanings. The mediator can also ask 
questions and provide feedback on the robot’s answers. Names were learned for 
three objects: “Poo-Chi,” “Red Ball” and “Smiley.” While Harnad (1990) argued 
for bottom-up grounding of symbolic representations into categories, Steels and 
Kaplan show, with concrete robotic experiments, that unsupervised category for-
mation may produce categories that are completely unrelated to the categories that 
are needed for grounding the words of the used language. They therefore conclude 
that social interaction must be used to help the learner focus on what needs to be 
learned. This is in line with previous linguistic and philosophical theories, includ-
ing the Sapir-Whorf thesis (Talmy, 2000; for a related recent study, see Yoshida & 
Smith, 2005).

Levinson et al. (2005) describe a robot that learns to associate meanings using 
a cascade of hidden Markov models. After about 30 minutes of training, the robot 
is able to associate linguistic expressions with four objects: a green ball, a red ball, 
a toy dog and a toy cat. The linguistic expressions designate two abstract categories 
(“animal” and “ball”) and four concrete categories (“green ball,” “red ball,” “dog” 
and “cat”).

Yu (2005) studies, through a computational model, the interaction between 
lexical acquisition and object categorization. In a pre-linguistic phase, shape (his-
tograms), color and texture (Gabor filters) information from vision is used to 
ground word meanings. After the application of PCA, Gaussian mixtures are used 
to cluster the category description. In a later phase, linguistic labels are used as an 
additional teaching signal that enhances object categorization. A total of 12 object 
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categories (pictures of animals in a book for small children) was used for experi-
ments.

Greco, Riga, and Cangelosi (2003) study grounding transfer, that is, the pro-
cess of building composed symbolic representations from grounded elementary 
symbols, as originally proposed by Harnad (1990). They present two simulations 
based on connectionist architectures: one with four shape categories, four texture 
categories and four composed categories, and the other with three color catego-
ries, three shape categories and nine composed categories.

This survey includes quite different approaches, at all levels (e.g., embodiment, 
teaching/mediation, complexity of the named objects, feature extraction, learning 
method, number of training examples, learning time.). Nevertheless, they all seem 
to be limited in the number of classes or categories that can be learned (this num-
ber varies between 3 and 12 in the cited works). This limitation seems also to affect 
incremental/lifelong learning systems not specifically developed for word learning 
or symbol grounding. That is the case for Learn++ (Polikar, Udpa, Udpa & Ho-
navar, 2001) and EBNN (Thrun, 1996). Steels and Kaplan (2002) and Cangelosi 
(2005) have already pointed out the need for scaling up the number of acquired 
categories for symbol/language grounding.

As can be seen from the survey, researchers have focused on naming visually 
observable concrete objects. This will also be the focus of the present paper. Inter-
estingly, in the earliest moments of child language development, most of the vo-
cabulary consists of common nouns that name concrete objects in the child’s en-
vironment, such as food, toys and clothes. The rest includes routine social words, 
proper nouns, animal sounds, and almost no verbs or function words. The over-
representation of common nouns (and corresponding under-representation of 
verbs) can be observed until the third birthday. Gillette, Gleitman, Gleitman and 
Lederer (1999) show that the more imageable or concrete the referent of a word is, 
the easier it is to learn. So concrete nouns are easier to learn than most verbs, but 
“observable” verbs can be easier to learn than abstract nouns. In learning words, 
children show several systematic attentional biases. For concrete solid objects, 
there is a bias towards generalizing object names to other instances based on shape 
(Gershhoff-Stowe & Smith, 2004; Samuelson & Smith, 2005; Smith & Samuelson, 
in press). Concerning developmental evolution, vocabulary starts with about 10 
words around the age of one, increases to about 300 words in the second year 
and continues increasing steadily until adolescence (Bates, Thal, Finlay & Clancy, 
2002; Crystal, 1987). The average vocabulary for adults is in the order of several 
tens of thousands. Early categories associated to words are often not consistent 
with the categories of adults. It has been observed that, in later lexical development 
(ages of 5 to 14), categories are gradually reorganized to converge to the categories 
of adults (Ameel, Malt & Storms, 2006).
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Learning requirements

Language grounding is highly dependent on the techniques and methods being 
used for learning. Learning a human language will require the participation of the 
human user as teacher or mediator (Seabra Lopes & Wang, 2002; Steels & Kaplan, 
2002).

A learning system in a robot should support long-term learning and adapta-
tion, as is common in animals and, particularly, in humans. For that purpose, the 
learning system should exhibit several basic properties (Seabra Lopes & Wang, 
2002), namely:

– Supervised — to include the human instructor in the learning process. This is 
an essential property for supporting the external/social component of symbol 
grounding.

– On-line — so that learning takes place while the agent is running.
– Opportunistic — the system must be prepared to accept a new example when 

it is observed or becomes available, rather than at pre-defined times or accord-
ing to a pre-defined training schedule. This is another essential property for 
complying with the dynamics underlying external grounding.

– Incremental — it is able to adjust the learned descriptions when a new example 
is observed.

– Concurrent — it is able to handle multiple learning problems at the same 
time.

– Meta-learning — it is able to determine which learning parameters are more 
promising for different problems, ensuring each problem is handled efficient-
ly.

With respect to the specific learning technique or paradigm, symbol grounding 
involves finding the invariant perceptual properties of the objects or categories 
to which symbols refer (Barsalou, 1999; Harnad, 1990). This suggests that learn-
ing of symbol meanings should be (predominantly) based on positive examples. 
Additionally, it should be noted that it is not easy to provide counter-examples in 
open-ended domains like word learning. Learning from positive examples is the 
basis for the one-class learning paradigm (Japkowicz, 1999; Tax, 2001), which was 
adopted for the work described below, and in some previous work (Wang & Seabra 
Lopes, 2004).
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Architecture

The whole system comprises two main components (Figure 1), namely the artifi-
cial agent (for historical reasons here called the Student) and its World (including 
the human Instructor). The agent architecture itself consists of a perception sys-
tem, an internal lifelong learning and classification system (OCLL) and a limited 
action system. At present, the action system abilities are limited to reporting the 
classification results back to the Instructor. Since the current agent perceives and 
acts on the physical world, it will also be referred to as a robot.

Figure 1. System Architecture

Instructor and the world

The world includes the user, a visually observable area and real-world objects (e.g., 
pen, stapler, mobile, mouse) whose names the instructor may wish to teach. The 
user, who is typically not visible to the robot, will act as instructor or mediator. As 
instructor, he or she has the role of communicating with the robot. Using a simple 
interface, the instructor can select (by mouse-clicking) any object from the robot’s 
visible scene, thereby enabling shared attention. Then, the instructor can perform 
the following actions:
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– Teach the object’s class name for learning
– Ask the class name of the object, which the robot will determine based on 

previously learned knowledge
– If the class returned in the previous case is wrong, the instructor can send a 

correction.

The student

The student robot currently is a computer with an attached camera.1 The computer 
runs the visual perception and learning/classification software as well as the com-
munication interface for the instructor. The tasks of the perception system include 
capturing images from the camera, receiving instructions from the user (sending 
objects for either learning or classification) and extracting object features from 
images (Figure 1).

Once the user points the mouse to the desired object in the image, an edge-
based counterpart of the whole image is generated.2 From this edges image, the 
boundary of the object is extracted taking into account the user-pointed position.3

The boundary image contains all pixels located at the boundary edges of 
the object. Figure 2 illustrates the stated stages of pre-processing to extract the 
boundary image of the object class Stapler. At this point, the instructor can check 
whether the extracted boundary image adequately represents the object and de-
cide whether to use it for learning or classification.

Objects should be described to the learning algorithm in terms of a small set 
of informative features. A small number of features will shorten the running time 
for the learning algorithm. Information content of the features will determine the 
learning performance. For visual object recognition in an artificial/robotic sys-
tem, it seems crucial that features capture the object’s shape. As mentioned earlier, 
children show a strong attentional bias towards shape when learning names of 
artifacts. Moreover, shape should be captured independently of position and ori-
entation in the scene.

  
Figure 2. Image pre-processing stages in extracting the boundary of the object Stapler 
from the original image.
(Left: the original scene; center: the edges image; right: the boundary image of Stapler)
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To meet these requirements, a feature extraction strategy was devised that 
captures the variation of the distance of boundary pixels to the center of the ob-
ject. For this purpose, the smallest circle enclosing the object is divided into 36 
sections of 10°. Each section i contains a number of boundary pixels with angle θi, 
such that 10 × (i − 1) ≤ θi < 10 × i. The average distance of these pixels to the center 
of the circle, a radius Ri, is computed. Based on the Ri values, the following features 
are then computed:

– Radius average, R — the average of all Ri.
– Radius standard deviation, S — again computed over all Ri.
– Normalized radii, ri — this is a vector containing the normalization of all Ri 

values with respect to the average radius R, but rotated to make it orientation-
invariant. It is computed in two steps:

 –  First, the normalized values are computed as ri = Ri /R.
 –  Then, all values are rotated in the vector in such a way that highest values 

are at the center, according to a local average measure. Specifically, a given 
section i will be at the center if the average of all values rj, with j = i − 4, …, 
i + 4, is the highest.

– Normalized radius standard deviation, s — computed over all ri.
– Block averages, Bk — the normalized radius values are divided into six blocks; 

for each block k, where k = 1, .., 6, Bk is defined as the average of all ri values, 
for i = (k − 1) × 6 + 1, …, k × 6.

This feature extraction strategy provides 45 features to the learning algorithm. The 
first 2 features (R and S) provide size information. The remaining 43 normalized 
features capture the shape of a segmented object, invariant to its size, translation 
and rotation. Figure 2 (left) shows a scene with three objects (a stapler, a pen and a 
ball). Figure 3 shows the normalized radius vectors for the three objects.

This method is an original proposal of the authors; one of its main advantages 
is that it is simple to implement. The histogram approach of Roy and Pentland 
(2002), of which we were initially unaware, although quite different, also seems 
straightforward to implement. We intend to compare the two approaches in the 
near future.

The communication between the student robot and human instructor is sup-
ported by the perception and action systems (for instructor input and robot feed-
back, respectively). At present, the communication capabilities of the robot are 
limited to reading the teaching options (teach, ask, correct) in a menu-based in-
terface and displaying classification results. In the future, simple spoken language 
communication will be supported.

Learning and classification capabilities are provided to the agent using a cli-
ent-server approach. A new learning server, implemented as a separate process, 
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performs both lifelong learning and classifi cation as requested by the user. Its im-
portance in this work is shown in the next section, which presents its design and 
functionality.

 One-class lifelong learning

As mentioned above, one-class learning is an interesting candidate learning par-
adigm for such an open-ended domain as word learning. Tax (2001) describes 
and experimentally compares a large number of methods from the perspective of 
one-class learning, including Parzen density estimator, nearest neighbor, autoas-
sociators, SVDD, LVQ, PCA, SOM, k-means and k-centers. One of the preferred 
methods is Support Vector Data Description (SVDD), a method that shares its 
foundations with the support vector classifi er (Vapnik, 1995). It shows one of the 
best performances, provided that the training instances are not too few (e.g., less 
than 10). Usually, the performance on the training set is a useful indication of the 
performance on the test set. Th e performance is especially good when the training 
distribution is diff erent from the target distribution. Furthermore, SVDD is par-
ticularly good at avoiding overfi tting. Finally, the evaluation time is very small. We 
therefore selected SVDD as the base for the developed OCLL4 system.

OCLL decomposes into two concurrent threads of processing (Figure 4). Th e 
main thread, supports communication with the learning client (the agent) and 
also runs the classifi cation routines. Th e other, the learning thread, determines 
learning parameters and runs the SVDD algorithm. Having separate threads for 
learning and classifi cation allows the OCLL server to execute client requests for 

Figure 3. Normalized and rotated radius feature vectors for the three objects in Figure 2
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classification and save new data for learning, while the learning thread concur-
rently handles learning.5

Figure 4. Flow chart of OCLL (dashed line indicates sequencing across the two different 
threads)

Learning

In the normal case, SVDD is trained only with positive instances of the target 
class. It tries to form a hypersphere around the data by finding an optimized set of 
support vectors. These support vectors are data points on the boundary of a hyper-
sphere whose center is also determined through optimization. The hypersphere’s 
center is assumed to represent the center of the data distribution itself. If outliers 
(negative instances) are available, they add to the performance of SVDD since, 
during optimization, an even tighter boundary around the data can be obtained. 
An introduction to SVDD’s underlying mathematics is given in the Appendix.
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The configuration parameters to be supplied to the SVDD algorithm are the 
percentage of training objects that can be considered as outliers (for better bound-
ary description and over-fitting avoidance), FRACREJ, and the width parameter 
of the Gaussian kernel, s (used to map the data into a more suitable space). OCLL 
tries several values of FRACREJ and s and uses those with the highest performance 
for learning the final class description.

In the current implementation of OCLL, values of FRACREJ range from 1% to 
11% of the training data, with an interval of 2%. This means that a total of 6 values 
will be tested. The maximum and minimum distance between any two training 
objects determines the range of values of the width parameter (for a thorough 
explanation on the range of values and the choice of s refer to Tax, 2001):

  min║xi − xj║ ≤ s ≤ max║xi − xj║

Since the magnitude of object features can vary significantly, the above range of 
values of s is divided into 10 parts on a logarithmic scale. This leads to 11 possible 
s values. In total, there are 66 combinations of values of FRACREJ and s for evalu-
ation.

OCLL performs cross-validation to determine the best configuration. Specifi-
cally, for each parameter setting, 90% of the examples (randomly selected) are used 
for training and the remaining examples are used for performance evaluation. This 
is repeated 10 times, and the average performance is retained.6 The following per-
formance measure, which combines precision and recall values, is used:

2 · P · R
P + R

where, P = CTP/TP is precision, R = CTP/TE is recall, CTP is the number of correct 
target predictions, TP is the number of target predictions and TE is the number of 
target examples.

As mentioned previously, learning is incremental and supervised. Thus, when 
an object is misclassified, the instructor has the option of providing the correct 
class, so that class descriptions can be improved. Misclassification in this case can 
be of two types: either the object is inside the hyperspheres of several classes and 
OCLL chose the wrong class, or the object is outside the hyperspheres of all known 
classes. Given a correction from the user, OCLL will identify and retrain the class 
descriptions needing correction. Specifically, OCLL will add the misclassified ob-
ject as outlier for retraining the classes whose hyperspheres contain the object.
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Classification

In the standard application of SVDD class descriptions, a new object is classified 
as belonging to the target class if it is determined to be inside the hypersphere 
of the class. Using this criterion in OCLL, more than one class or none of the 
classes might be identified as the target, and a classification decision would be 
impossible to make. For this reason, a more suitable criterion has been adopted. In 
particular, a distance metric, called “Normalized Distance to the Center” (NDC) 
was introduced. For a given object z, NDC(z) is the distance of z to the center of 
the hypersphere given as a fraction of its radius. It captures the relative closeness 
of the object from the center of each class and, therefore, enables comparison of 
its membership to different classes. For a particular class, the lower the value of 
NDC(z), the closer the object is to the centre of that class. Of all the classes that 
have been learned, the one with the lowest NDC(z) will be considered as best class 
candidate for object z. However, if the lowest value of NDC(z) is greater than 2.0, 
the object is considered to be clearly outside any of the current class descriptions 
and thus not belonging to any class.

Experimental methodology

The word learning research surveyed above has some common features. One of 
them is the limitation on the number of learned words: the described approaches 
have been demonstrated to learn up to 12 words.

The other common feature is the fact that the number of words is pre-defined. 
This is contrary to the open-ended nature of the word learning domain. Then, 
given that the number of categories is pre-defined, the evaluation methodology 
usually consists of extracting certain measures on the learning process, such as 
semantic accuracy (Roy & Pentland, 2002), classification success (Steels & Kaplan, 
2002), word-meaning grounding accuracy and object categorization accuracy (Yu, 
2005). Some authors plot this type of measures versus training time. As the num-
ber of words/categories is pre-defined, the plots usually show a gradual increase 
of these measures and the convergence to a “final” value that the authors consider 
acceptable.

Robots and software agents are limited in their perceptual abilities and, there-
fore, cannot learn arbitrarily large numbers of categories, particularly when per-
ception does not enable the detection of small between-category differences. The 
following aspects of a long-term category learning process should therefore be 
considered:
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– Evolution: Depends on the ability of the learner to adjust category representa-
tions when a new word is introduced.

– Recovery: The discrimination performance will generally deteriorate with the 
introduction of a new word. The time spent in system evolution until correct-
ing and adjusting all current categories defines recovery. Recovery is based on 
classification errors and corresponding corrective feedback.

– Breakpoint: Inability of the learner to recover and evolve when a new category 
is introduced.

A well-defined teaching protocol can facilitate the comparison of different ap-
proaches as well as the assessment of future improvements. With that in mind, 
along with the evolution, recovery and breakpoint aspects just described, the 
teaching protocol of Figure 5 is proposed. 

introduce Class0;
n = 1;
repeat
{
 introduce Classn;
 k = 0;
 repeat
 {
  Evaluate and correct classifiers;
  k ← k + 1;
 } until ( (average precision > precision threshold and k≥n) or 
   (user sees no improvement in precision) );
 n ← n + 1;
} until (user sees no improvement in precision).

Figure 5. Teaching protocol used for performance evaluation

This protocol is applicable for any open-ended class learning domain. For every 
new class the instructor introduces, the average precision of the whole system is 
calculated by performing classification on all classes for which data descriptions 
have already been learned. Average precision is calculated over the last 3 × n classi-
fication results (n being the number of classes that have already been introduced). 
The precision of a single classification is either 1 (correct class) or 0 (wrong class). 
When the number of classification results since the last time a new class was in-
troduced, k, is greater or equal to n, but less than 3 × n, the average of all results 
is used. The criterion that indicates that the system is ready to accept a new ob-
ject class is based on the precision threshold. However, the evaluation/correction 
phase continues until a local maximum is reached.
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Experimental results

Experiments were conducted according to the protocol proposed above. The set 
of words (object category names) and the set of training objects were not estab-
lished in advance. As categories were learned, new objects were fetched from the 
surrounding office environment and used to introduce new categories. In the first 
experiment (already presented in Seabra Lopes & Chauhan, 2006), new categories 
were introduced in the following sequence:

Pen – 5 different pens were used for teaching
Stapler – 1 object of this class
Ball – 2 circular objects
Mobile – 3 objects
Key – 2 objects
Box – 2 objects
TiltedCup – 1 object
Rubber – 1 object
CoffeeCup – 1 object
StapleRemover – 1 object

In later experiments, these objects and categories were used again, in different 
sequences. In some experiments, it was possible to introduce two additional cat-
egories, bringing the total to 12:

ScrewDriver – 1 object
Plug – 1 object

Figure 6 shows instances of the used object classes. Natural light variation sig-
nificantly affects the quality of the images collected from the camera, because the 
scene is just in front of a window.

Obtained results are graphically presented in Figures 7 and 8. They respec-
tively show the evolution of classification precision and learning efficiency against 
the number of question/correction iterations. Efficiency is defined as the ratio be-
tween the obtained classification precision and the precision of a random classifier. 
In each iteration, the precision of the random classifier is computed based on the 
number of currently introduced classes. Points of high instability of the measures 
in Figures 7 and 8 in most cases indicate the introduction of a new class.

Classification for an object of the first class (pen) was correct in the first at-
tempt. This means a single iteration was enough to reach a precision of 100%. 
Similarly, for the second class, in the minimum number of iterations (at least n 
iterations for n classes, as defined above) maximum precision was obtained. On 
the introduction of the third class (ball), although starting at 100%, precision 
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continuously dropped to 50%, before it recovered to a value above the threshold.7 
For the next classes, the pattern remained similar: precision degrades at the intro-
duction of the new class and then recovers after a number of question/correction 
iterations.

On the introduction of the 10th class (staple remover), precision started at 
100%, then dropped to values between 20% and 50%, remaining there for many 
iterations. As can be seen at the end of the graphs of Figures 7 and 8, classifica-
tion precision and learning efficiency seem to have stabilized. No considerable 
improvement in these measures could be noticed over time. Here the instructor 
concluded that, on the extracted set of features and for the above set of classes, the 
learning capacity of the student had reached its breakpoint.

It should be noted that, most of the time, learning efficiency is above 2.0, and 
its average is 4.3. This means that precision is significantly above the random clas-
sifier precision throughout the whole experiment. Another important observation 
can be made. While classification precision seems to follow a decreasing trend as 
the number of introduced classes increases, learning efficiency follows an increas-
ing trend almost until the breakpoint class.

In OCLL, each correction leads to the introduction of new positive and nega-
tive examples. For each new class introduced, Figure 9 shows the total number of 
outliers and positive examples added to the system to achieve the precision thresh-
old. It can be seen from this figure that introduction of the last two classes adds high 
numbers of outliers as well as positive examples. In comparison to the initial eight 

Figure 6. Instances of object classes used in experiments
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classes, the number of misclassifications after the 9th class was introduced shows a 
substantial increase. In other words, it became increasingly difficult for the system 
to reach the precision threshold. Eventually, on the 10th class the system reached 
its breakpoint. A collective analysis of Figures 7–9 shows an association between 
the number of iterations required for reaching the precision threshold and the 
number of outliers and positive examples needed before the system reached the 
precision threshold. For the first eight classes, the system shows fast evolution of 
precision and efficiency. The number of examples and outliers that was necessary 
to add after introducing those classes are also relatively few. On the other hand, for 
the 9th and 10th classes, it took a long time to reach the precision threshold (not 

Figure 7. Evolution of classification precision versus number of question/correction 
iterations

Figure 8. Evolution of learning efficiency versus number of question/correction itera-
tions
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achieved after introducing the 10th class) and the number of outliers and target 
examples introduced to the system showed a sharp increase.

Table 1 shows the number of outliers and positive examples stored for each 
class after the system reached the breakpoint. As can be observed, the number of 
outliers in some classes (Box and TiltedCup) far outweighs the number of target 
examples.

Table 1. Final number of target and outlier examples in each class (for the experiment of 
Figures 7–8)

Object class Target Outliers
Pen 17 18
Stapler 24  1
Ball 30  7
Mobile 27  1
Key 22  1
Box 14 49
TiltedCup 17 40
Rubber 24  1
CoffeeCup 19  1
StapleRemover 14  9

Tax (2001) observed that introducing a few outliers to the training data results in 
better class descriptions for one-class classifiers, but introducing too many dete-
riorates learning performance. For the first introduced classes, classification preci-
sion improved very quickly, which supports the idea that, when using few outliers, 

Figure 9. Number of outliers and positive examples added after each new class was intro-
duced in the experiment of Figures 7–8
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Figure 10. Evolution of average classification precision in the performed experiments. 
The horizontal axis is the number of question/correction iterations and vertical axis is 
precision. The number of introduced words is respectively: 10, 12, 6, 12, 7 and 7 (Figure 7 
and then Figure 10 from top to bottom)
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SVDD class descriptions do describe the data better than just with positive in-
stances. However, in the long run, the number of outliers in the training data may 
become higher than the number of target examples. This may also limit the num-
ber of classes that the system will be able to learn.

The experiment was repeated several times (Figure 10). The object classes 
(and therefore the words) were the same, although some of the instances were 
different. The experimental set up also varied slightly, since the camera is now at 
a greater distance from the objects, which implies less resolution. In the first three 
of these experiments, the same sequence of introduction of new classes was used. 
Breakpoint was detected after 6 introduced classes in one case (109 iterations) and 
after 12 classes in the other two cases (239 and 279 iterations). Two additional 
experiments were carried out for different (randomly generated) sequences. In 
both, it was possible to reach only 7 classes (203 and 217 iterations). These experi-
ments (Figure 10) are in line with the observations already discussed for the initial 
experiment.

Summary and discussion

This paper addresses word learning for human–robot interaction. Instead of fol-
lowing a computationalist approach strictly focused on finding invariances for cat-
egory learning, a more integrational approach was adopted, which is in line with 
previous work in our group (Seabra Lopes, 2002; Seabra Lopes & Connell, 2001b; 
Seabra Lopes et al., 2005). In this approach, the robot’s user is explicitly included 
in the language acquisition process. Through mechanisms of shared attention and 
corrective feedback, the human user, acting as instructor or mediator, can help 
the agent ground the words used to refer to objects that it finds in its environ-
ment. This is consistent with current views on distributed cognition, distributed 
language and external symbol grounding (Cowley, 2007a).

The present work was carried out with a particular concern for the fact that word 
learning is an open-ended domain. This means it cannot be realistic to address the 
problem as if there is a pre-defined set of words, although that is the typical approach 
to the problem. A vocabulary can grow as long as the perceptual and cognitive abili-
ties of an agent allow it to grow. In characterizing vocabulary growth, aspects of evo-
lution of category representations, recovery from confusion after the introduction 
of new words and breakpoint are important. Based on these considerations, a novel 
experimental methodology was proposed for evaluating a word learning method, 
from the first acquired words until the limits of the method. This methodology can 
be useful for comparing the word learning capabilities of different agents as well to 
assess research progress with respect to scaling-up to larger vocabularies.
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While not strictly focused on the problem of finding invariances for category 
learning, this problem was addressed with a new approach based on the one-class 
learning paradigm and, in particular, on support-vector data descriptions. More 
importantly, the learning aspects were also addressed at a more integrational level. 
A learning module, OCLL, acting as “learning server” for category formation and 
evolution, was implemented and integrated in the agent. The way OCLL works has 
several important properties: It is supervised, on-line, opportunistic, incremental, 
concurrent and capable of meta-learning. Since all of these properties are required 
for the learning computations, some of them (e.g., supervised, opportunistic) are 
crucial to support the dynamics of external symbol grounding.

The proposed experimental methodology was used to evaluate the perfor-
mance of the agent on learning the names of several real-world office objects. From 
the conducted experiments, it can be concluded that the agent has the ability to 
incrementally evolve to include each new word presented. Classification precision 
falls after the introduction of new words, but quickly recovers by correcting the 
classifiers so that the boundaries of the respective class descriptions get modified 
to separate out all the different classes.

As the number of words increases, the training becomes more difficult and 
some class descriptions have to be corrected many times before the precision 
threshold is achieved. Eventually, the learning capacity of the agent reaches its 
breakpoint. In the different runs of experiments, this happened between the 6th 
and the 12th word. Although the different published works on word learning are 
not directly comparable to each other or to the above presented work (due to their 
many specificities), the results reported above are comparable to results previously 
reported by others with respect to the number of learned words.

These results raise several issues for discussion. The main issues are concerned 
with the existence of a breakpoint in the word learning capacity of a robot. The ex-
istence itself seems easy to accept. Robots are limited in their perceptual (sensors, 
sensor fusion, active sensing) and sensorimotor abilities and, therefore, cannot 
learn arbitrarily large numbers of categories, particularly when perception and ac-
tion do not enable them to detect small between-category differences.

The fact that the breakpoint occurs no later than the 12th word is more prob-
lematic. A robot with such a limitation will not be of any use in environments that 
require language-based interaction with users. Why can’t these systems learn more 
words and categories? In particular, why can’t they learn more concrete object 
categories and names?

A combination of the following factors may explain the limitation:

– sensor limitations
– lack of active sensing/animate vision
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– lack of physical interaction with the target objects
– lack of consideration of the affordances of objects
– limited interaction between the learning agent and the human caregiver
– inappropriate perceptual abilities and representations
– inappropriate category learning methods.

With respect to sensing, our agent is very limited. A single camera enables percep-
tion of target objects, and it remains in a fixed position over the objects. There is no 
possibility either for active/animate sensing or for sensorimotor experience with 
the objects. This limitation is common to most existing prototypes and models. 
The most notable exception is reported by Roy and Pentland (2002), who use a 
robotic arm and a turn-table to capture multiple views of each object. None of the 
surveyed systems uses physical interaction with objects to categorize them.

Moreover, because of these limitations, neither our system nor the surveyed 
systems are able to take into account the affordances of objects, that is, the ac-
tions and uses that they afford. Interestingly, an early explanation for the shape 
bias, observed in children when learning concrete object names, was based on the 
conjecture that shape would be a strong determiner of affordances (Rosch, 1973). 
This is currently a subject of investigation (Gershhoff-Stowe & Smith, 2004). Gib-
son (1979) also stressed the importance of affordances in visual perception. An 
early robotic model that categorizes affordances (the produced categories are here 
called proto-symbols) and uses them to guide navigation was described by Mac-
Dorman, Tatani, Miyazaki and Koeda (2000).

Our approach explicitly includes the human user as instructor or mediator 
for the word learning process. However, in the current version, the initiative for 
interaction between the instructor and the artificial agent is always on the instruc-
tor’s side. In the foreseeable future, we intend to integrate a robotic arm into the 
agent and assign it goals. In this richer scenario, the agent may also wish to ask for 
instructor’s help to the language acquisition process. This results in a mixed-initia-
tive interaction that allows for dual control and mutual gearing, as observed in the 
relation between infant and caregiver (Cowley, 2007a, 2007b).

The limitations discussed so far are concerned with the “external” component of 
language acquisition and symbol grounding. Meanwhile, the internal mechanisms 
should also be significantly improved. The learning approaches that have been used 
until now in most systems are either connectionist or instance-based. In the work 
reported above, one-class learning with support-vector data descriptions was used. 
All these approaches take as input collections of feature vectors representing training 
instances. However, it has been pointed out that feature vectors are not always the 
best representation for learning (Aha & Wettschereck, 1997). This is particularly the 
case when instances can be split into components leading to a structured/relational 
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representation. Object categorization based on shape, as we have implemented (and 
is the key bias in children as well), could be better handled with relational instead of 
vector-based representations. That is also the assumption underlying the cognitive 
theory of recognition-by-components (Biederman, 1987). These ideas link to some 
of the literature on symbol systems and symbol grounding. For instance, the theory 
of “perceptual symbol systems” (Barsalou, 1999) emphasizes that a perceptual sym-
bol represents a schematic component of a perception, and not a holistic experience. 
Also, the “Symbolic Theft Hypothesis” (Cangelosi & Harnad, 2000) emphasizes that 
complex categories can be learned more efficiently from more basic categories than 
directly form sensor data. Based on all these considerations, we believe that adopt-
ing component-based/relational representations is a promising research path. In this 
approach, more complex, composed categories would represent individual physical 
objects instead of primitive categories, as is usually the case.

As can be seen from this discussion, there is plenty of work for the robotics, 
AI and cognitive science communities concerning the development of artificial 
agents able to acquire extended vocabularies. Our own work will focus on improv-
ing the internal mechanisms, as well as extending the sensorimotor and interac-
tion capabilities of the robot.

Notes

* The Portuguese Research Foundation (FCT) supported this work under contract POSI/
SRI/48794/2002 (project “LANGG: Language Grounding for Human–Robot Communication”), 
which is partially funded by FEDER. The authors would like to thank Stephen Cowley, Karl 
MacDorman and Armando Pinho for enlightening discussions and anonymous reviewers for 
many constructive and helpful comments.

. An IEEE1394 compliant Unibrain Fire-i digital camera is being used.

2. The implementation of the canny algorithm, from the publicly available openCV library of vi-
sion routines, is used for edge detection. Other openCV functions have been used in the imple-
mentation. See http://www.intel.com/technology/computing/opencv/index.htm.

3. This is performed using a region growing algorithm.

4. The name derives from “one-class lifelong learning.”

5. The OCLL server is a C++ program which runs as a single Linux process divided into two 
threads. An implementation of SVDD for MATLAB is in the dd-tools toolbox (Tax, 2005) pub-
licly available at http://www-ict.ewi.tudelft.nl/~davidt/dd_tools.html. Therefore, in practice, the 
SVDD algorithm runs in a separate MATLAB-based process on request of the learning thread of 
OCLL. The main thread saves any new training data in a file and informs the learning thread to 
process it. When there is no new data to process, the learning thread is waiting on a semaphore. 

http://www.intel.com/technology/computing/opencv/index.htm
http://www-ict.ewi.tudelft.nl/~davidt/dd_tools.html
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When new data is received, the learning thread calls SVDD on the MATLAB process and waits 
until SVDD returns. The MATLAB process stores the learned class description in a file.

6. For this reason, the instructor must provide at least 10 examples for learning to start.

7. In these experiments, the precision threshold was set to 0.667. This ensures that, in a stable 
situation, there will be at least twice as many correct answers as incorrect answers, which intui-
tively appears to be a suitable baseline for acceptable performance.
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Appendix — Mathematical background

SVDD forms a hypersphere around the data by finding an optimized set of support vectors. 
These support vectors are data points on the boundary of a hypersphere whose center is also 
determined through optimization. The optimization process, that determines the center and 
support vectors, attempts to minimize two errors:

–  Empirical error — percentage of misclassified training samples.
–  Structural error — defined as R2, where R is the radius of the hypersphere, must be mini-

mized with respect to center a and constraints ║xi − a║2 ≤ R2, for every training object xi.

In the ideal case (no noise), all training objects can be included in the hypersphere and there-
fore the empirical error will be 0. In practical applications, however, this may result in over-fit-
ting. Better results can be obtained with not much extra computational expense if a kernel is 
introduced to get a better data description (Tax, 2001). In addition, if a set of outliers (negative 
instances) is known, it adds to the performance of SVDD since, during optimization, an even 
tighter boundary around the data can be obtained. From (Tax, 2001), the final error L to be 
optimized is given as:

 L = ∑
i

αiK(xi, xj) − ∑
i, j

αiαjK(xi, xj)

with the following constraints on Lagrange multipliers:
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 ∀i, 0 ≤ αi ≤ C

 ∑
i

αi = 1 and a = ∑
i

αi xi

C gives the tradeoff between the volume of the description and the errors. The kernel K maps 
the data into a more suitable space. Although the choice of kernel is data dependent, in most ap-
plications a Gaussian kernel will produce good results. Tax (2001) gives a thorough explanation 
of the performance benefits of this kernel. It is defined as:

 K(xi, xj) = exp

 





−|xi − xj|2 

s2

where s is the width parameter of the kernel.
 Class descriptions provide the support vectors and their respective αi and s. In the standard 
application of SVDD class descriptions, the criterion for classifying any new object z as target 
is:

 ∑
i

αi K(z, xi) > 1
2  (B − R)2 

where, B = 1 + ∑
i, j

αi αj K(xi, xj) and R is the radius.
 In OCLL, given the need to decide which class is more suitable for a particular instance, it 
was necessary to define the following normalized distance metric:

 NDC(z) = 
R

)x,z(K2B
i

ii∑− α

NDC (Normalized Distance to the Center) is the distance of an object z to the center of the hy-
persphere given as a fraction of its radius R.
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