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Abstract. This paper describes a HRI case study which demon-

strates how a humanoid robot can use simple heuristics to acquire

and use vocabulary in the context of being shown a series of shapes

presented to it by a human and how the interaction style of the hu-

man changes as the robot learns and expresses its learning through

speech. The case study is based on findings on how adults use child-

directed speech when socially interacting with infants. The results

indicate that humans are generally willing to engage with a robot in a

similar manner to their engagement with a human infant and use sim-

ilar styles of interaction varying as the shared understanding between

them becomes more apparent. The case study also demonstrates that

a rudimentary form of shared intentional reference can sufficiently

bias the learning procedure. As a result, the robot associates human-

taught lexical items for a series of presented shapes with its own sen-

sorimotor experience, and is able to utter these words, acquired from

the particular tutor, appropriately in an interactive, embodied context

exhibiting apparent reference and discrimination.

1 INTRODUCTION

Humans acquire language quite effortlessly during their early years

and continue to refine and develop their language ability throughout

their lives. There are many alternate views on how language is ac-

quired varying, for example, from the Chomskyian [4] idea of exist-

ing innate pre-cursors of syntactic structures and mechanisms which

support the acquisition process to alternatives suggesting that that no

‘specialist’ functions exist and where more general learning mech-

anisms, including learning from social interaction, are used [24].

In our work we explore this latter view and consider that language

learning is a social and interactive process. We review research on

how language is acquired in human infants and suggest that similar

mechanisms might be applied to robots in order for them to acquire

linguistic capabilities. In fact we believe that it should be possible

for a robot to use what it learns individually and from others socially

through grounded sensorimotor interaction to bootstrap the acquisi-

tion of language which in turn will create a positive feedback cycle

between using language and developing other cognitive abilities.

In this paper we report on an initial case study where, through un-

restricted speech and interaction with a human partner, a robot can

attach meaning to a series of individual shapes. To do this we firstly

consider how human infants acquire such meanings and then carry

out experiments to see whether broadly equivalent mechanisms will

allow a robot to do the same. Two research questions are explored,

firstly, will a human interaction partner employ similar and effective
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interaction styles (such as child directed speech) with a robot part-

ner?, and secondly, could a robot be able to extract sufficient informa-

tion from such interaction episodes in order to ground the meaning2

of the lexical items (words) used when taught by particular humans

about a set of physical shapes?

2 BACKGROUND

In this research we take a ‘usage-based’ view on language acquisition

following Tomasello [24] and Bloom [3] and take inspiration from

the constructivist work of researchers such as Steels on the emer-

gence of various linguistic capacities in agent communities [21], and

also Roy and Pentland [18], Roy [17], and Yu and Ballard [27] in at-

tempting to link perceived speech with object and action perception.

We differ from the above in that the focus of this research consid-

ers the effect of the robot feedback in modifying the interaction style

of the human tutor and how this change enhances (or worsens) the

learning experience of the robot.

Social interaction appears to be essential for effective language

acquisition is children [19]. Adults do not specifically attempt to

‘teach’ language to children but rather aim for joint understanding

with the child. This often comes about by the adult using a form of

language called Child Directed Speech (CDS) which is specifically

tailored to the perceived level of linguistic skill of the child [5]. CDS

differs from adult directed speech in that adults speak more slowly,

often repeat what is said and may correct mistakes by the child dur-

ing the interaction as well as prominently drawing attention to topics

via changes in pitch, pause duration, word placement, word duration

and intonation. As joint understanding between the child and adult is

perceived by the adult to grow, fewer aspects of CDS are employed.

However, although infants are exposed to a high number of ambi-

ent speech events, being exposed to as many as 7,000 utterances per

day [3], they actually learn new words with very little exposure. Ac-

cording to Bloom [3] the natural co-occurrence of seeing an object

and hearing the object name does not occur regularly enough to al-

low an associative mechanism to differentiate the object. In order to

achieve learning in few episodes the infant must have its learning ex-

periences biased in some way. This is thought to occur via intentional

reference. Thus for example 9-month old babies will follow the gaze

of its mother, follow her pointing gestures and monitor her emotional

states. By 1 year old, the infant points on its own and observes the

adult’s gaze whilst checking if it has changed the adult’s attention.

If the child fails to capture the adult’s attention it will alternate be-

tween gazing at the object and the adult until it succeeds in getting the

2 Following Wittgenstein [26], any derivation of ‘meaning’ must ultimately
be evidenced by appropriate embodied action in language games (cf. [12]).
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attention of the adult onto the object. The utterances of the adult to-

gether with reinforcement via forms of affective feedback (prosodic

features of CDS) and success/failure of shared intentional reference

for the infant whilst situated in context allow enough bias for fast

learning to take place. Within this shared context the action modal-

ities of the child are associated with simple verbal speech patterns

of the adult. In our experiments learning relies on the association of

perceived speech and action modalities of the robot together with the

robot’s ability to share context via a form of rudimentary referential

‘intent’ with a human teacher.

In order for our robot to be attentive to the topic spoken by the

human we currently only consider pause duration and word place-

ment and word duration, although in future research we will also

consider prosody via changes in pitch and intonation. In terms of

word placement and duration we make the assumption that regulari-

ties can be extracted from the human’s speech stream. In English (and

other languages) attention is drawn to new nouns by placing them at

the end of an utterance (reflecting the subject-verb-object structure of

the language) [5, pages 62-66]. There is also evidence that a similar

phenomenon occurs in CDS in other languages (e.g. Turkish) even

when to do so would appear to be ungrammatical or uncommon in

adult speech for that language [2]. As well as indicating salience via

utterance-final word placement, often the word is also spoken with a

longer duration than average during the utterance. We therefore use

both the duration and placement of a word in the perceived speech

matched with the sensorimotor stream experienced by the robot in

order to bias the robot’s learning ability.

Clearly it would be trivial to provide the robot with a set of pre-

programmed rules attaching a label to a given perceived object, how-

ever our research attempts to allow the robot to acquire lexical se-

mantics (‘meaning’) of words used by a human tutor for the objects

(in terms of the set of sensory-motor experiences over time) dynami-

cally through the interaction process. We believe this is an important

step not only towards the robot understanding objects in its world

(the focus of this study) but also understanding actions and states

(e.g. ‘push the star’,‘the star is next to the square’). This latter step

forms part of our future research and which we hope will provide

entry into basic grammatical constructions [24].

3 RESEARCH QUESTIONS

In this study we considered two issues, the first from a human-robot

interaction perspective and the second from the perspective of learn-

ing efficiency (in terms of classification performance) of the robot

during the sessions. Exploring the first issue, we expected that the

human interaction partner would employ a language style similar to

that employed in child directed speech and that with each subsequent

interaction session the feedback from the robot (the robot in effect ex-

pressing what it had learnt during the previous sessions) would mo-

tivate the human partner to modify the interaction, supplying greater

or lesser focus as the abilities of the robot improved. Note that al-

though the participants were specifically asked to treat the robot as a

1-2 year old child (see 4.1 below) and the robot had the appearance

of a young child, it was by no means certain that the interaction style

would ‘mimic’ CDS as other factors which may provoke CDS with

human children (such as emotional attachment and richness of inter-

action) may be missing from the interaction with the robot. Thus the

first two research questions were:

1. Does a human interaction partner engage with a humanoid robot

in a verbal style similar to that of Child Directed Speech?

2. Does a human partner modify aspects of their robot-directed

speech as the robot learns and changes its interaction capability?

The second issue explored was that of the robot’s capacity to learn,

given the interaction style of the human. We expected that the robot

would become more skilled as the human partner interacted with it

which may in turn motivate the human. This skill level of the robot

indicating that the multi-dimensional set of sensorimotor attributes

had become refined such that relevant meaning emerged. This lat-

ter aspect being measured by a number of factors, including shape

classification performance and increasing mutual information of par-

ticular sensorimotor attributes. Thus the final research questions ex-

plored were:

3. Does a robot’s ability to recognize and correctly classify shapes

by its utterances improve during the interaction sessions?

4. Can a robot select those parts of the sensorimotor stream that are

relevant to classifying presented shapes by acquired vocabulary?

4 CASE STUDY DESCRIPTION

In this section we describe both in summary and in subsequent detail

the experimental procedures in the case study.

4.1 Experimental Summary

In this experiment we asked participants (see 4.3) to explain/teach

(without any constraints on their language) a series of shapes

(see 4.5) to a humanoid robot during a series of interactions as if

the robot were a 1-2 year old child (see figure 2). The robot was

pre-programmed to track and habituate for a given period on these

shapes. Following each interaction the speech stream of the human

was converted into phoneme strings marked with word boundaries.

These phoneme strings were subsequently aligned with the senso-

rimotor modalities experienced by the robot during the interaction

session. The aligned speech and sensory modalities were then pro-

cessed to highlight words of long duration and that appeared at the

end of utterances. This processed modality stream became the ba-

sis for the robot’s learnt experiences for the next interaction session

with the human. In these subsequent sessions (from sessions 2 on-

wards) the robot was allowed to match its current sensorimotor input

(that it was experiencing during the interaction) against that learnt

in the previous session(s). This allowed the robot to react to the hu-

man by expressing (via its own speech) what it had learnt during the

previous session(s). Thus, for example, when presenting the ‘moon’

shape and depending on how the human had previously described

it, the robot might say ‘moon’. Alternatively if the human had used

different words (or different pronunciations) the robot might say for

example ‘mooone’, ‘crescent’ or ‘smile’ etc.

4.2 Software Platform and Architecture

In carrying out these studies we have used an existing social learn-

ing architecture (ROSSUM [20]). The architecture has been used

to learn scaffolded behaviours via directed learning from a human

teacher (but not previously linguistic behaviour). ROSSUM allows

experiments to be carried out where, via the processes of self-

imitation and observational imitation, a robot learns through expe-

riences grounded3 on its own visual, auditory and sensorimotor feed-

back and the relevant interaction modalities presented by a human

3 The idea of ‘grounding’ refers to relating the meaning of symbols to em-
bodied sensorimotor experience [9].

Proceedings Second International Symposium on New Frontiers in Human-Robot Interaction, K. Dautenhahn, J. Saunders (Eds.), 

                        at the AISB 2010 convention, 29 March – 1 April 2010, De Montfort University, Leicester, UK 

96



tutor. In this experiment speaking is regarded as a particular type of

gesturing, i.e. motor activity for manipulating the physical or social

environment (see [13, 15]). Actions which can be taught to the robot

(see figure 1 below) now include speech acts (in this case uttering

words represented as phonemic strings in a learnt experiential con-

text). These modalities are in addition to existing object detection and

proprioceptive feedback modalities already present in the ROSSUM

architecture (see 4.4).

4.3 Participants

Eight adult participants took part in the case study. All participants

were between the ages of 27 and 58 comprising 5 females and 3

males. The backgrounds of the participants were either administra-

tive (6) or research related (2), the latter not connected with robotic

language research. Four of the female participants cared for either

children or grandchildren under the age of 5.

Each of the eight participants took part in 5 interaction sessions

of approximately two minutes with the robot (in total 40 robotic in-

teraction sessions) and all of the sessions were videotaped for later

analysis. Prior to the interaction sessions each participant also had 4

training sessions with an automatic speech recognition system. Un-

fortunately initial results from using this system were very poor and

an alternative was subsequently used (see 4.6 below).

The experiment was carried out over a three month period between

March and June 2009 based on availability of the participants. Par-

ticipants were paid a small stipend of £20 if they completed all 9

sessions (4 training + 5 interaction) and all participants did complete

all sessions.

4.4 Robot

The experiment used the Kaspar2 robot (see figure 1). This is a mini-

mally expressive small humanoid robot designed for HRI studies [7]

with 8 degrees of freedom in the head, and 5 degrees of freedom in

each arm (although the arms were not used in this experiment).

Figure 1. Learning via Social Interaction. Here (in a previous
experiment) the humanoid robot Kaspar2 is taught how to hold a patterned

box via interaction (manipulation of its joints) with a human teacher.

Kaspar2 employs two video cameras for its eyes. These are used to

obtain images which are processed [14] to yield an additional set of

modalities including object/pattern recognition and face detection. In

this experiment the following set of sensory-motor modalities were

recorded by the robot at approximately 30ms intervals - face detec-

tion (binary), object id, head pan, head tilt, head roll, position of ob-

ject in visual field (x,y position of centre of object) and distance to

object.

4.5 Shape recognition

Six graphic shapes were used and pasted onto the sides of a box (a

square, circles, triangle, sun, moon and star - note however that no

verbal prompting or description of these shapes was given to the par-

ticipant). These objects are detected using the ARToolKit system [1].

The objects are pre-learnt using ARToolKit, thus Kaspar2 can detect

these objects and recognize that they are individual entities in the

world (effectively encoded by the integers 1-6 in a sensory stream),

however no other ‘meaning’ is attached to them. We justify the use

of this simplifying step in these experiments as, firstly, it eliminates

the need for a complex vision processing modality and secondly, and

more importantly, it reflects a ‘whole object’ bias found both in chil-

dren and adults (see Bloom, Chapter 4 [3] and Mervis [10]).

Figure 2. Sharing Reference with a Teacher in Context. Kaspar2
interacts with the teacher, where both the robot and the human share

attention on the shapes on the box, a case of rudimentary shared intentional
reference.

4.6 Speech Processing

Initially a standard speech recognition system [11] was used to pro-

cess the speech stream of the human. However it was found that the

accuracy of such a system rapidly decreased when dealing with the

unrestricted speech stream used when interacting and teaching the

robot. An alternative approach was taken which used speech align-

ment software (see [22]). This software takes as input a transcript of

the human’s speech during the interaction session together with the

recorded speech stream (as a .wav file). It outputs timings, phonemes

and word boundaries for the recorded speech.

4.7 Rudimentary Shared Intentional Reference

In the experiment it was important that the robot and human share

attention and focus on the same objects whilst simultaneously pro-

voking actions which would motivate the human teacher to explain

the shapes. We make a key assumption - that the robot is motivated

by novelty. This was achieved by having Kaspar2 fixate and track

shapes as they entered its camera images. When a shape was not

present Kaspar2 would search the environment semi-randomly (ran-

domly within fixed limits) by varying the control signal sent to its

pan/tilt/roll head motors. If a shape was found Kaspar2 would ‘smile’

and fixate on that object. A set of linear ‘boredom’ filters, one for

each shape and for the human’s face, would saturate if the same shape

(including the face) remained in focus for more than ∼20 seconds.

A saturated filter would cause the robot to begin searching for a new

object (and Kaspar2 would stop smiling). The filters would linearly
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Figure 3. Segment of Words/Phonemes output. The human’s speech
stream is converted to a file of timed phoneme/word outputs (x’s denote word

boundaries). Note that different speech patterns can produce different
phoneme strings for the same word e.g. different vs. diffrent (i.e. middle ‘e’

not expressed).

de-saturate the longer the object was not in focus. The net effect of

these measures was for Kaspar2 to appear to be interested in the ob-

jects/face but become rapidly bored if viewed for too long. This had

the effect of provoking the human teacher to try to gain the attention

of the robot with new shapes and subsequently explain them.

4.8 Attaching Meaning to Words for Shapes

In this context we consider that ‘meaning’ of a communicatively suc-

cessful utterance is grounded in its usage based on the robots sen-

sorimotor history from acting and interacting in the world. These

grounded meanings can then be scaffolded via regularities in the rec-

ognized phoneme/sensory-motor stream of the robot. The first step in

this process is to merge the speech stream of the human (represented

as a set of phonemes with word boundaries) with the robot’s sensory-

motor stream. This is achieved by matching the two modalities based

on time (see figure 4).

This merger effectively associates what was said to the robot with

what was experienced by the robot at that time. Within this study the

set of sensorimotor attributes is limited to the robot’s head and vision

proprioception together with the recognition of pre-trained shapes.

However although the categorization of the shapes is already avail-

able (as a integer) the robot has not associated this attribute with

either the words in the human’s speech stream or its own proprio-

ception. In this study sensorimotor attributes which do not affect the

primary association of object and word (such as the head and image

proprioception) should become less relevant over time (i.e. a ‘moon’

shape is still a moon shape no matter where or how it is seen). To

achieve such associations we face a number of difficult challenges.

Firstly is that of associating what was said to the appropriate parts of

the sensorimotor stream. Thus the human tutor may show the robot a

shape (e.g. the ‘triangle’), but only say the word ‘triangle’ within the

utterance before or after the shape has appeared/disappeared from

the view of the robot (e.g. ‘here’s a triangle’ and then show the tri-

angle or ‘that was a triangle’ after having shown the triangle). Sec-

Figure 4. Aligning Human Speech Words/Phonemes with Robot
Sensorimotor Streams. The timed word/phoneme strings are aligned with
the robot’s sensory-motor stream based on time. Here the word ‘square’ is

an end of utterance word with higher than average duration and so is
propagated over the whole of the preceding utterance and concommitant

sensorimotor experience. This results in a table subsequently used for
sensorimotor similarity matching (using k-Nearest Neighbour) in the robot’s
execution phase. The ‘action’ executed in this case would be a robot speech

output (i.e. if similar to the current sensorimotor state the word ‘square’
would be expressed by the robot).

ondly, which of the set of sensorimotor attributes and at which points

in time are such attributes relevant to the speech act? We make no

pre-programmed choices as to what is relevant for the robot how-

ever in the simple scenario presented here the most important will

be the object identifier returned from the ARToolKit system. But we

have not only the object identifier but also the modalities from the

camera image (x,y,z dimensions of the object in space), the encoder

readings from the robot’s pan/tilt/roll head unit and the binary value

of the face detection algorithm. What makes any of these less (or

more) relevant than any other? In order to cope with these issues

we apply two heuristics. Firstly, that the relevant part of the human

speech stream is the word expressed at the end of an utterance and

with a higher than average duration (following the ideas discussed

in section 2 above). We extract a word if it occurs at the end of an

utterance (the end of an utterance defined as a pause longer than av-

erage word duration). This word is then remapped back onto each

element of the time sensorimotor stream of the previous utterance.

In effect this makes the word chosen relevant to the whole of that

utterance and thus relevant to any sensorimotor inputs which arose

during that time. This means that most (though not all) of the tim-

ing effects mentioned above can be avoided as the relevant word will

occur thoughout the utterance. Secondly, having associated the rele-

vant word with the utterance/sensorimotor stream we then compute

the information gain [16] between the sensory attributes and the cho-

sen word (effectively a measure of mutual information indicating the

expected amount of information (in bits) that discriminates the given

word by the given attribute). This measure is used during the next

interaction sessions to weight the similarity measure of current vs.

stored experiences. This is described in section 4.9 below. Note, in

our experiments, the robot learnt lexical semantics separately from

each participant so that learning occurred in effect as if each partic-
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ipant had their own robot that had learnt only from them. This al-

lowed us to analyse the diversity of learning trajectories, dependent

on interactions with particular tutors (who could in principle be using

completely different lexicons or even different languages).

4.9 Execution and Action Selection

We consider robot speech acts (including ‘saying’ nothing) to be

no different from any other ‘action’ (such as primitive head or arm

movements) that may be selected for execution. Therefore an exist-

ing selection method, based on matching the current sensory stream

against a set of pre-learnt/pre-taught behaviours, is used [20]. All

previously learnt action/state sequences are held in memory models.

These are tables in which each individual row is a state/action pair.

Actions can refer to individual primitives or other memory models.

Execution starts at the topmost memory model and recurses though

the possible set of models until a primitive (or marked goal state) is

found. For the language experiment discussed here only one memory

model is used. This equivalently contains the set of state/action pairs

learnt by the robot (see 4.8 above). Here the ‘action’ is uttering a

phoneme string representing a word. The phoneme strings are output

by the robot using the eSpeak speech synthesizer [8].

Figure 5. Interaction Execution Loop. The robot continuously monitors
its state. This is matched with the table previously learnt using the k-Nearest

Neighbour algorithm. Dimensional attributes are weighted using
information gain. The nearest neighbour is selected. The ‘action’ part of the
selected previous learning will only be expressed (spoken) by the robot if it
has been chosen a given number of times (exceeds a predefined threshold).

Note that the execution loop and the learning loop (where the robot’s
proprioceptive state from the current session is recorded) happen

simultaneously.

The robot continually polls its current state (see figure 5). This

state is matched against the memory model using the k-Nearest

Neighbour (kNN) algorithm with dimensional attributes weighted us-

ing information gain. We use the TimBL memory based-processing

system to carry this out [6, 23]. In this experiment the k value was

set to 1 and similarity metric used is a 1-norm Manhattan distance.

The kNN algorithm always returns a classification, in this case an

‘action’. This is effectively a prediction based on matching what

the robot experiences and what the robot should then ‘say’. The

robot state changes rapidly during the interaction and therefore rather

than simply express each matched state the action (a phoneme/word

string) will only be expressed once it exceeds a given threshold. The

selected action is incremented if matched and all other actions penal-

ized. If the same action is predicted successively it receives a bonus

which serves to reward consistent prediction (for complete details of

this scheme see [20]). The net effect is that by lowering the thresh-

old more matches may be expressed by the robot (and thus similar

words matching the same state may be output (e.g. participants might

have described the ‘square’ as both a ‘square’ and a ‘box’, the robot

may choose either). Raising the threshold means that fewer words

are expressed and the similarity criteria to the current set of states is

higher (e.g. only ‘square’ would ever be expressed). In this experi-

ment words are output (including silence) with a threshold, reward,

penalty and bonus set during pre-experimental tests providing a bal-

ance between an overly talkative robot and one who said very little.

5 RESULTS AND ANALYSIS

As discussed in section 2 above, CDS is characterized by slower

speech, repetition, mistake correction, prosody, duration of pauses

and words and word placement. In our analysis we analysed speech

rate, repetition, word placement and word duration. The latter four

items based on an analysis of transcripts and recordings as well as

considering the number of nouns extracted using the heuristics dis-

cussed in section 4.8 above. In order to assess learning performance

of the robot we studied how well it classified words and how well

items in the sensorimotor stream separated to focus meaning on the

correct attribute. These are discussed below.

5.1 Speech Rate

Considering first the speech rate, this was calculated in words per

minute (WPM) based on the number of words used by each partic-

ipant in each session. The WPM varied on average between 80 and

132. However, 5 of the participants slowed their speech during the

set of interactions, 4 ending with a lower WPM in the final session

than in the first session. The other 3 participants varied their speech

rates during the sessions but ended with a higher WPM by the final

session (see figure 6).

Although the small participant sample size does not allow any firm

conclusions to be drawn, indications of gender and child caring ex-

perience may be relevant for future larger scale studies. The 5 par-

ticipants who slowed their speech rate were all female, 4 with direct

child caring experience whereas the other participants were all male

with no direct child caring experience. This may indicate that teach-

ing a robot as if it were a young child may be more amenable for

those already predisposed to such undertakings with a human child.

5.2 Repetition

An objective measure of repetition is to assess how many new words

(of all types including nouns) are added between interaction ses-

sions. If the number of new words decreases then it is likely the

same words are being used between sessions. Similarly an analy-

sis of words dropped (used in one session but not the next) would

indicate, if increasing, that words are not being repeated, if decreas-

ing, then the same words are being reused. Figure 7 shows the av-

erage number of new and dropped words between the sessions and

indicates that repetition is being used (and increases) during the ses-

sions. Note however that there is a sharp increase in the number of
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Figure 6. Speech rate. The graphs shows the speech rate for participants
over the five session. Top graph (all male) shows words per minute (wpm)
varying with a general small increasing trend. Bottom graph (all female)
shows wpm general trend decreasing. Trends line based on average by

session shown as solid line.

words dropped between the first and second sessions. This may in-

dicate that once the robot starts to speak the human partner realizes

the limited extent of its understanding and makes adjustments, in this

case reducing the size of his/her expressed vocabulary.
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Figure 7. Words Added/Dropped Between Sessions. The average numbers
of words added and dropped between sessions for all participants. The

number of new words decreases between all of the sessions. The number of
words dropped increases sharply between the first and second sessions and

then starts to decrease (see text). .

5.3 Word Duration and Placement

To assess whether participants actually placed the salient words re-

ferring to shape description at the end of their utterances and with a

longer than average duration we considered the performance of the

heuristic described in section 4.8 above. We compared the words ex-

tracted by the heuristic against all possible nouns used by each par-

ticipant in each session. If the participants regularly placed the shape

name at the end of an utterance (and with higher than average du-

ration) the extraction rate should be higher than average. Figure 8

shows the average for this measure for each participant. The results

indicate that for all participants this effect occurred with the major-

ity placing nouns at end of utterance and with longer than average

duration over 80% of the time.
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Figure 8. Noun Extraction. The graph shows for each participant the
performance of the heuristic of extracting words based on duration and end

of utterance placement.

5.4 Classification Performance

To assess the robot’s learning ability each of the memory models was

analysed using leave-out-out cross validation [25, pages 151-152] to

predict classification performance (see figure 9). This method was

used as it gave an unbiased and objective measure of classification

accuracy over all of the participants sessions.

For all participants, performance according to the classification

ability acquired by the robot had improved by the fourth session but

started to worsen by the fifth session. This decrease in classification

performance is due to the changes in the interaction style of the hu-

man. By session 4 the participants had noticed that the robot had

started to correctly and consistently recognize the shapes, thus by

session 5 their emphasis changed such that rather than place nouns

at the end of the sentence various forms of reward utterances were

used. For example, rather than continue saying ‘this is a square’ when

the robot correctly and consistently recognized the square (and said

‘square’) the human would typically say ‘well done’ or ‘good boy’

or ‘clever Kaspar’. This has the effect of diluting the previous associ-

ation between the shape and the ‘correct’ word and thus reduced the

classification performance. In this experiment we were not attend-

ing to such reinforcement signals, however the effect emphasized the

fact that the participants were altering their behaviour in line with

their perception of shared understanding between themselves and the

robot.
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Figure 9. Predicted Classification Performance. Classification
performance by participant generally increases between the first and the

fourth sessions. A decrease in performance between sessions 4 and 5
indicates that the human focus of the interaction has changed (see text).

For the majority of the participants, there was also registered an

increase in classification performance between the first and second

sessions. This may be because the first feedback signals are being

received from the robot in the second session (i.e. in the first ses-

sion the robot is silent, in subsequent sessions it starts to speak). The

robot speech feedback effectively signalling its level of understand-

ing to the human tutor who subsequently adjusts his/her interaction

appropriately. An alternative explanation is that participants had sim-

ply become familiar with the experiment, however participants P8M

and P6F were the exceptions with a large performance drop of 13%

for P8M and a marginal 2% drop for P6F, respectively. We believe

that the large decrease exhibited by participant P8M was due to his

interaction style i.e. not being engaged in the interaction. This be-

haviour becomes more apparent in the analysis below.

5.5 Identifying Meaningful Sensorimotor
Attributes

Considering the fourth research question above (section 3). Here we

are assessing whether sufficient information is available through the

interaction to correctly enhance the key sensorimotor attributes (here

the ‘object id’ returned from the ARToolKit system) and thus weight

for likely selection via the kNN algorithm. This is effectively indicat-

ing that a particular set of attributes are more closely associated with

the given word and, in our interpretation, more ‘meaningful’ to the

robot. In figure 10 we show an example of this effect in detail for one

participant (P5F), however the separation occurred for the majority

of the participants in the study with varying degrees of success.

Figure 11 shows a summary for all participants. In this graph the

values for ‘object id’ and the head and image proprioception sen-

sorimotor attributes have been averaged over the 5 sessions. Note

that for all but 2 participants (P4F and P8M) the meaningful vari-

able (object id) separates from the other less meaningful variables.

Participant P8M’s interaction with the robot was characterized by

both the highest speech rate (a WPM value of 132 vs an average of

102), the highest number of unique words used per session (90 vs

an average of 60 for the other participants) and the highest number

of nouns used per session (22 vs. an average of 13). Our interpre-

tation of these figures suggests that the participant had not changed
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Figure 10. Separation of Meaningful Variables. The graph shows how
during the sessions the sensorimotor attributes which contributes most to the
meaning of the word separate from other less meaningful attributes. This is

an example from participant P5F.

his interaction style to accommodate the robot’s understanding. This

is also reflected by the drop in classification performance over the

initial sessions noted above (see 5.4).
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Figure 11. Separation of Meaningful Variables By Participant. For each
participant the separation of the average value of the object sensorimotor
attribute vs. average head and image proprioception attributes. The key
sensorimotor attribute weighting the classification of words via the kNN

algorithm is the object id. The object id weighting separates from the other
sensorimotor attributes as the sessions progress.

Participant P4F achieved a classification performance similar to

the other participants (average of 0.61 vs 0.64 for other participants)

however the separation of the key object id attribute differed con-

siderably. This would indicate that although the participant had en-

gaged with the robot effectively she had not drawn sufficient atten-

tion to the object (thus she spoke about the object when the robot was

attending elsewhere). The classification therefore indicated that the

robot had made an association between head proprioception and the

phoneme/word string rather than object and phoneme/word string.

This was confirmed by subsequent review of the video for this par-
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ticipant and showed Kaspar2 ‘saying’ words regardless of where it

was attending.

5.6 Summary

Returning to the original research questions, we considered whether

firstly the human interaction partner would engage in a verbal style

similar to that of Child Directed Speech. Indications are that the par-

ticipants generally talked more slowly and were more repetitive em-

phasizing the objects via word placement and word duration. Sec-

ondly, we asked whether their robot-directed speech would change

as the linguistic capability of the robot improved. There did indeed

appear to be a definite change once it was accepted by the human

partner that shared understanding between themselves and the robot

had been achieved. Thirdly, in considering the robot’s capacity to

learn it was clear that the robot’s ability to recognize and correctly

classify shapes improved during the initial 4 sessions but decreased

in the final session. We believe that this final decrease was due to the

human perceiving shared understanding and thus subsequently de-

emphasizing previously salient words. The salience detection heuris-

tic was not designed to cope with this and thus the subsequent classi-

fication performance decreased. Finally, the robot was able to attach

sensorimotor meaning to the presented object and this was further

highlighted in the robot’s ability to distinguish which feature was im-

portant in identifying the presented shape from the set of attributes

in the sensorimotor stream.

6 CONCLUSION

This study has attempted to demonstrate how interaction between a

human and a robot can allow the robot to attach meaning to lexi-

cal items used by the tutor referring to a series of shapes. We have

shown how the robot can derive meanings using some simple heuris-

tics, developed with reference to human child language acquisition.

Importantly no restrictions are placed on the human interactor other

than to describe the shapes as if the robot were a young child. What

is important is that the human adopts a language style similar to that

employed in child directed speech and that some form of rudimen-

tary shared reference is employed. This being the case the robot will

learn the semantics of the shape words, based on its own sensorimo-

tor feedback, with relatively few presentations.

Clearly, the case study discussed above is limited in that the num-

ber of participants is statistically relatively small (8 in total). We are

therefore cautious in suggesting that the results are in any way con-

clusive. However we do believe that the results and the computa-

tional mechanisms outlined indicate interesting directions and novel

approaches for future studies.
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