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Social coordination in toddler’s word learning:
interacting systems of perception and action
Alfredo F. Pereira*, Linda B. Smith and Chen Yu
Department of Psychological and Brain Sciences and Cognitive Science Program,
Indiana University, Bloomington, IN, USA
We measured turn-taking in terms of hand and head movements and asked if the global rhythm of the
participants’ body activity relates to word learning. Six dyads composed of parents and toddlers (M = 18
months) interacted in a tabletop task wearing motion-tracking sensors on their hands and head. Parents were
instructed to teach the labels of 10 novel objects and the child was later tested on a name-comprehension
task. Using dynamic time warping, we compared the motion data of all body-part pairs, within and between
partners. For every dyad, we also computed an overall measure of the quality of the interaction, that takes
into consideration the state of interaction when the parent uttered an object label and the overall smoothness
of the turn-taking. The overall interaction quality measure was correlated with the total number of words
learned.
In particular, head movements were inversely related to other partner’s hand movements, and the degree
of bodily coupling of parent and toddler predicted the words that children learned during the interaction. The
implications of joint body dynamics to understanding joint coordination of activity in a social interaction, its
scaffolding effect on the child’s learning and its use in the development of artificial systems are discussed.
Keywords: embodied social cognition; parent–child dyad; motion-tracking analysis; word learning

1.

Introduction

A fundamental problem in understanding and building intelligent systems is the coordination of
joint activity by multiple agents. Much work in this domain, both with respect to artificial and natural intelligent systems, concerns how one agent ‘reads’ the mind of the other. Most approaches
assume that this is done by building internal models about the intentional states of the social
partner and by making inferences about the goals and plans of the other (Breazeal and Scassellati 1998; Butler and Brooks 2000; Baldwin and Moses 2001; Dautenhahn and Werry 2004).
Some researchers have hypothesised that these inferences are driven by perceivable body actions,
presumably tied to the internal states of the actor (e.g. Smith and Breazeal 2007). In the work presented in this paper, we step back from the hypothesised mental states of the participants and their
inferences about each other’s internal states and attempt to directly study the dynamics of the bodily interactions themselves. The work is specifically concerned with social turn-taking – essential
to conversation and collaboration.
*Corresponding author. Email: afpereir@indiana.edu
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In human adults, the shifting of turns in a conversation is exquisitely fine-tuned and so flawless
that participants seem to shift roles instantaneously. A smooth interaction is also one with overlaps
and with no gaps (e.g. Coates 1994). Moreover, the perceived quality of the interaction is related to
the seamless quality of shifting turns (see Wilson and Wilson 2006 for a review). We seek to understand the nature of the bodily dynamics that determine these interactions. Our approach has three
components. First, we study turn-taking in parent interactions with their toddlers.Adult turn-taking
is so skilled and rapid that the underlying components are hard to discern (Wilson and Wilson
2006). By examining turn-taking when one partner is less skilled, we may be able to disentangle
the component threads that are so tightly woven in mature interactions as well as understand the
developmental origins of turn-taking. Secondly, we seek to relate the dynamics of turn-taking to the
effectiveness of the social interaction. We operationally define effectiveness in terms of how much
a toddler learns about the names of objects heard during the interaction. The assumption is that an
effective interaction between a parent and toddler is one that promotes learning. Finally, we measure the dynamics in terms of the global rhythm of head and hand movements. This is based on the
past research with adults suggesting that whole body rhythms orchestrate the timing of role shifts
in adult conversation (Shockley, Santana and Fowler 2003) and our own recent studies suggesting
that such bodily rhythms are also evident in parent–child interactions (Yu et al. under review).
1.1. A body rhythm
There is considerable research both with children and with artificial agents on the meaning of such
specific actions as pointing or eye gaze direction (Brooks and Meltzoff 2002). However, quality
social interactions, which yield successful information exchange, require more than cues that signal meanings. They also require precise timing. Moreover, this timing must be managed locally
by the participants, turn by turn. In mature partners, simultaneous talk and simultaneous silences
occur rarely and briefly (see Wilson and Wilson 2006, for an extensive review). The question,
then, is how does one participant know when to listen or watch and when to speak or act? The
precision in the timing of adult role shifting suggests an underlying rhythm, or oscillation, that
patterns opportunities for shifting. Oscillatory properties of internal cognitive processes (Buzaki
and Draguhn 2004) or perhaps even breathing patterns (McFarland 2001) may contribute, but
more extensive research suggests that participants use a consortium of cues including hand and
body movements (Dittman and Llewelly 1968; Harrigan 1985; Walker and Triboli 1982; Shockley, Santana, and Fowler 2003; Wilson and Wilson 2006). Moreover, these results suggest that
the oscillatory rhythm itself may be emergent in the coupled body actions of the participants and
dependent on context, emotion and culture (see, for example, Beattie 1979; Street 1984; Coates
1994; Jungers, Palmer and Speer 2002; Murata 1994; Shockley et al. 2003). In a recent review,
Richardson, Dale and Kirkham (2006) concluded that events such as naming or pointing may be
dynamically embedded in this larger bodily rhythm (Kita 2003; Bangerter 2004). Accordingly, in
the present study, we measure turn-taking in terms of the shift in amounts of hand and head movements between social partners. The goal here is not to determine the potential ‘meaning’ of any
individual movement, but the rhythm of the activity among participants and its relation to learning.
Does a better rhythm lead to better learning?An affirmative answer would suggest that the timing of
attention and perhaps the binding of cognitive contents are determined by the social rhythm itself.
1.2. Scaffolding by the mature partner
Research from parent–infant interactions suggests that the more mature partner may play a critical
role in orchestrating or controlling this rhythm. Studies of early face-to-face play of parents and
2–3 month-old infants indicate that parents impose a rhythm of doing and observing on young
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infants (e.g. Cohn and Tronick 1998; Rogoff 1990; Schaffer 1996; Trevarthen 1988). For example,
when the baby coos, the mother watches, then when the baby goes still, the mother coos. The result
is a joint pattern of activity and orienting (Beebe, Stern, and Jaffe 1979). This pattern has generated
considerable interest because (1) it has the same general structure as conversations and (2) because
the mature partner in the interaction seems to treat the interaction as a structured exchange of
information, perhaps in this way, teaching the rhythm of information exchange. These observations
also suggest how a turn-taking rhythm could be controlled by very simple local processes – of
stopping activity when the other is acting (or when there is something interesting to watch) and
initiating activity when the other is not moving (see Capella 1981 for a review). Such a turn-taking
rhythm would emerge – though perhaps with a few flaws – even if only one partner followed these
simple rules (see Yu, Smith and Pereira under review).
Such turn-taking – even if controlled by one partner – might give the surface appearance of
information exchange, but is it enough to yield the successful exchange of information? There
is at present no data on this possibility for parent–child social interactions. Research with adults
suggests that coordinated bodily actions among participants leads to both better bonding (Oullier,
de Guzman, Jantzen, Lagarde, and Kelso 2007; Newtson, Hairfield, Bloomingdale, and Cutino
1987) and better memory for the event (Lagarde and Kelso 2006). Other research with humans
(Large and Jones 1999; Gogate, Bahrick, and Watson 2000) as well as with artificial agents
(Fitzpatrick and Arsenio 2004) suggests more generally that multimodal rhythms can support the
integration of information and learning. Thus, the functional value of scaffolded turn-taking may
include the rhythmic organisation of attention to support learning. Accordingly, we ask if the
dynamics of parent–child turn-taking predict object name learning by the child.

1.3. Word learning in artificial agents
Learning how to associate spoken words with their referents poses a challenge to artificial intelligence systems, in parallel to the difficult question of explaining this capability in humans (Quine
1960). This is because of the noise and uncertainty inherent in real world learning with its many
words, many co-occurring referents, and shifts in attention. In the area of embodied artificial
intelligence systems, studies using real sensors have achieved some success (Steels and Kaplan
2001; Steels and Vogt 1997; Cangelosi and Parisi 2002; Roy and Pentland 2002; Yu, Ballard, and
Aslin 2005). However, those systems can only learn a certain kind of words (object names or
colour names), and it is non-trivial to extend to more general cases and open cases. One important
difference between human learning and machine learning systems is that people learn language
mostly in social contexts through everyday teacher–learner interactions. In contrast, most artificial
systems acquire knowledge based on logic inferences and statistical computation. Nevertheless,
some systems do consider the role of social cues in language learning. For example, Yu and
Ballard (2005) used a speaker’s eye movements to infer the referential intent. Steels and Vogt
(1997) and also Steels and Kaplan (2001) developed robotic systems showing how symbols can
emerge from a communication consensus gradually built up in a social interaction. There are also
studies of artificial systems that demonstrate how the dynamic coupling of multiple agents may
yield rhythms of coordination and cooperation (Marocco, Cangelosi, and Nolfi 2003; McMillen,
Rybski, and Veloso 2005; Di Paolo, Rohde, and Iizuka (in press)). However, there has not been
systematic consideration of the role of social rhythms such as those that underlie turn-taking in
supporting learning.
Our approach to this problem is to collect fine-grained sensory data from parent–child interactions and analyse and model the social interaction patterns that create the turn-taking rhythm.
This knowledge should be useful in building artificial systems that engage in the most effective
way with both humans and other artificial systems.
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Measuring joint body dynamics in toddler–parent dyads

Toddlers have conversations and learn words in contexts that involve more than just words and
labelled objects (Huttenlocher 1974; Goldin-Meadow, Seligman and Gelman 1976; Gogate et al.
2000). The natural learning context consists of sequences of actions, often on objects, and shifts in
attention among objects. The standard approach to understanding the structure of these interactions
in developmental psychology is to code by hand experimenter-defined behaviours such as looks,
gestures, touches of objects and so on (Ahktar 1996; Dromi 1999; Iverson and Capirci 1999).
There are several problems with this approach. One is these human coders may only notice
and categorise behaviours consistent with their own already developed notions of intention and
goal and not note other behaviours that may play a critical role in regulating the interaction. A
second problem is that these kinds of discrete descriptions about individual acts cannot provide
fine-grained dynamic information about the flow of activity itself. If we are going to understand
how coupled rhythms of activity may support learning and information exchange, we need a
finer-grained measure of the temporal properties of the interaction.
To achieve this goal, we used motion-tracking equipment to collect the dynamic data on the
real-time movements of parents and toddlers as they were engaged in a naturalistic task of conversation during toy play. By placing motion sensors on the heads and hands of the participants, we
collected continuous high-resolution data about their movements. To the best of our knowledge,
this is the first study to use this method to understand how body movements relate to learning in
parent–child dyads.
2.1. Toy play and measuring object name learning in a parent–child interaction
Six parents and their children (three male, three female) participated. The children ranged in age
from 17 to 19 months (M = 18.2 months). One additional child was recruited, but did not tolerate
the measuring devices and did not contribute data. The period between 17 and 20 months is one of
considerable vocabulary development in young children, with children’s productive vocabulary
increasing from as few as 10 words to as many as 250 (Fenson et al. 1994). Children of the age
of those in this study are thus, in their everyday life, very much engaged in learning new words.
The experimental task was one common to the everyday lives of children, one in which children
and parents take turns in jointly acting on, attending to and naming objects. This is a common
context in which children learn names for things. The toys (Figure 1) used in this experiment were
everyday things, but things for which very young children (according to normative measure of
typical early vocabularies, Fenson et al. 1994) are unlikely to know the names: comb, butterfly,
bulldozer, rolling pin, cube, cricket, pliers, donkey, racket, and machine. The child and parent

Figure 1. Stimuli used in the toy play and word learning experimental study: cricket, butterfly, comb, cube, machine,
rolling pin, donkey, pliers, racket, and machine. The black line close to each object is one inch in length.
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Figure 2. a) View of the experimental set-up. The parent wore a headset microphone (1), one motion-tracking sensor
placed on a headband (2) and one on each hand (3). In addition, the child also wore a motion-tracking sensor placed on a
headband (4) and one on each hand (5); b) Example of movement data from the two participants, projected on the table
plane.

sat opposite to each other at a small table (61 × 91 × 64 cm) and the parent was instructed to
interact naturally with the child, engaging their attention with the toy. The parent was told the
experimenter-selected names of each object (those listed above) and was asked to use that name
when referring to the object.
We placed motion sensors (described below) on the hands and heads of each participant. The
motion sensors for the head were embedded in a sports headband. The hand sensors were sewn into
fingerless gloves (see the experimental set-up in Figure 2). The procedure to place the sensors used
two experimenters: upon entering the room, the parent and child sat down and one experimenter
introduced the child to an engaging pop-up toy; while the child was fully engaged with this toy, a
second experimenter placed the headband on the child. The experimenter then helped the parent
place hers. The parent placed the fingerless glove on the child. Putting the sensors on the two
participants took 5 min. The parent wore a headset with a microphone from which we recorded
the parent’s voice during play.
The interaction between parent and child lasted between 7 and 12 min and was free-flowing in
form. The session began with three toys on the table. Periodically, when interest in a toy waned,
the experimenter offered new toys to the parent such that over the course of the session all children
were exposed to 10 toys and their names.
After this period of interaction, the experimenter took the parent’s place across from the child at
the table and tested the child’s comprehension of the object name for each of the 10 objects. This
was done by placing two objects out of reach of the child about 30 inches apart, one to the left of
the child and one to the right. Then looking directly into the child’s eyes, the experimenter said the
name of one of the objects and asked for it (e.g. ‘I want the truck! The truck! Get me the truck!’).
For this portion of the experiment, a camera was focused on the child’s eyes. The direction of eye
gaze – looking at the named object when named – was scored as indicating comprehension. Eye
movement data was coded (with the sound-off) by a scorer naïve to the experiment. In addition,
a human coder also coded the mother’s recorded speech. The coder listened to the recording and
time-stamped (onset and offset) any utterances of the 10 object labels included in the study.
2.2. Tracking head and hand motion
To measure the activity of each partner’s head and hands, we used an electromagnetic motiontracking solution, the Liberty system from Polhemus. This tracker uses passive electromagnetic
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sensors and a source that emits a magnetic field. The source was placed under the table. The
sensors consist of electromagnetic coils in a plastic casing, assembled as small cubes measuring 22.9 × 27.9 × 15.2 mm and weighing 23 g. A wire connects each sensor to the base
and multiple sensors can be acquired simultaneously with high-sampling rates and precision.
When tracking, the system provides six DOF data, 3D coordinates (x, y, z), and 3D orientation (heading, pitch, and roll) relative to the source position. A total of six sensors were used:
one for the head and each hand of the two participants. An example of raw data collected in
this study, namely the 3D position of head and hands for both parent and child, is given in
Figure 3.

2.3. Data analysis methodology
Our main goal was to investigate the nature and quality of the global rhythm of the interaction.
Thus, the data analysis was focused on reducing the multidimensional time series into a compressed form so that each partner’s activity level could be directly compared. By reducing the
dimensionality of the raw data, we tested if overall activity, irrespective of detailed position or
orientation, can be used as an indicator of the quality of interaction and of joint coordination. This
was done by comparing the amount of body-part motion, after dimensionality reduction, across
partners within a dyad. In addition, we used this basic idea to correlate the interaction’s overall
quality, particularly those aspects indicative of turn-taking between parent and child.

Figure 3. Motion-tracking data pre-processing steps: every dyad of parent and child had six sensors in total (head,
left and right hands), and each sensor outputs a six-dimensional vector (three-dimensional position and orientation), the
figure shows on the left an example of raw position data from one dyad; the position and orientation data is reduced
to a one-dimensional spatiotemporal, separately for each, and the resulting signal is filtered; each dyad generates 12
unidimensional signals; finally we align all pairs of body-part activity using dynamic time warping and calculate the cost
of alignment. On the right is an example is related to turn: the child’s head orientation is compared to the caregiver’s hand
position.
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In summary, our approach requires the following steps: data reduction and filtering (for simplicity of the analysis); a method to compare the level of body-part activity between partners; a
measure of the overall quality of the interaction. We describe each of these components before
discussing the experiment’s results.
Data reduction and filtering
The first step in measuring joint body dynamics in parent–child dyads was reducing the threedimensional position data or the three-dimensional orientation data of each partner’s head and left
and right hands into a one-dimensional measure. We used the multidimensional spatiotemporal
curvature technique (Rao,Yilmaz, and Mubarak 2002). This transformation preserves information
on variations in speed, direction, and acceleration. This curve measures the overall activity that
can be achieved by any combination of axial motion. The transformation can also be applied to
the position data (x, y, z) or the orientation data (h, p, r) of any sensor, thus reducing each sensor
to a unidimensional signal. The transformation applied was as follows:
√
A2 + B 2 + C 2 + D 2 + E 2 + F 2
k=
((x  )2 + (y  )2 + (z )2 + (t  )2 )3/2
  
  
  
y t 
t x 
x y 
A =     , B =     , C =     ,
y t
t x
x y
  
  
  
z t 
z x 
z y 
D =     , E =     , F =     ,
z t
z x
z y
where x, y, z are the three-dimensional position data or alternatively the h, p, r orientation
data. The variable t is the datapoint’s time-stamp and the primes denote, for example, in the
case of x, x  (t) = x(t) − x(t − 1) and x  (t) = x  (t) − x  (t − 1). Each one-dimensional signal
was smoothed and high-frequency components removed using a standard Kalman filter (Haykin
2001). Given the large number of datapoints (sampling rate was 100 Hz), a single set of parameters
was estimated for the Kalman filter and used for all signals. After these two steps, each parent–
child dyad generated 12 time series corresponding to parent’s head position and orientation (two),
parent’s left and right hand position and orientation (four), children’s head position and orientation
(two), and children’s left and right hand position and orientation (four). This process is summarised
in Figure 3.
Comparing activity of body parts across partners
With the dimensionality reduced data, we can more easily compare the bodily activity across the
two dyad members. If the social partners are jointly modulating their behaviour, there should be
a correlation between a partner’s head or hands activity and the other partner’s head or hands
motion. More specifically, a negative correlation would mean that the increase of activity in one
partner leads to a deceleration of the other partner’s activity and vice versa, which is an indicator
of turn-taking. A positive correlation would mean that the variation of activity in one partner leads
to similar variation of activity in the other; that is they are synchronised.
However, to adequately compare body activity across partners, we must consider that each
partner’s movements naturally overlap and the initiation of action by one may be followed by a
change in activity of the other partner, but only after a variable time delay. Given that the social
interactions we are studying include a child, this issue is increased since time delays are of a
different magnitude between partners (adults are faster to adjust motion, for example). Computing
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a correlation directly in time or inside a sliding window of a fixed size thus may not capture the
interaction correctly. More generally, this corresponds to the problem of computing a similarity
measure between two time series. A pair of time series may share similar features that however
do not align in the time dimension (or addition in the Y dimension). To compensate for this, we
used dynamic time warping (DTW) to compare two time series (Rabiner and Juang 1993, Berndt
and Clifford 1994; Koegh and Ratanamahatana 2004). This technique aligns two time series by
warping non-linearly in time, one series into the other; searching for a warping path that minimises
a cost function. The resulting alignment cost can be used as a dissimilarity measure. DTW has
been extensively used in speech recognition as a solution for time normalisation (stemming from
the fact that utterances of a token by the same speaker are never exactly the same in speed) and
speech recognition, using the cost of the DTW alignment to search for the most similar token
(Rabiner and Juang 1993). Current applications of DTW include data mining, gesture recognition,
robotics, speech processing, and medicine (Koegh and Ratanamahatana 2004).
Briefly, DTW’s algorithm searches for a warping path between time series Q and time series C
in the following manner: the distances between any datapoints qi and cj (usually the Euclidean
distance is used) are stored in a qm xcn matrix, where m and n are the sizes of Q and C; a path
through this matrix corresponds to one particular alignment of the two series; a path’s cost is
measured by the sum of the point-to-point distances; DTW searches for a path that minimises
this cost, subject to a set of constraints (e.g. boundary, continuity, monotonicity); current versions
of the algorithm can search for the best warping path quite efficiently. For more details, see, for
example, Koegh and Ratanamahatana 2004.
The DTW cost of alignment can be used to compare all pairwise combinations of body-part
activity (in the present study, head and left and right hands, compared within and between dyad
members). A low cost of alignment means that the warping path resides mainly close to the
diagonal; the minimum cost warping path is then one where each point is aligned to another close
to it in time. This happens when two series are reasonably synchronised or at least positively
correlated inside small time windows. The higher the cost of this alignment, the further from
the diagonal is the minimum cost warping path, that is each point is aligned to another that is
distant in time. In the data from this study, this happens when the moments of activity in one
partner correspond to moments of inactivity in the other partner and vice versa so that the best
alignment is always distant in time. This last scenario corresponds to the partners engaging in
more turn-taking. An example of these two scenarios is in Figure 4.
The DTW cost of alignment produces a measure without easily interpretable units, so we
calculated a baseline to allow for relative comparisons across dyads. We created random pairings
of children and parents; afterwards data from the child participant and parent participant for
that random pairing was aligned using dynamic time warping. If a specific pairwise comparison
inside a true parent–child dyad is statistically higher than the averaged equal comparison in all the
random pairings (e.g. head orientation with other partner’s hand movements), it would mean that
the activity in the real dyad tends to be temporally in a different direction to the activity on the
other. Lower than baseline means that the two signals are more similar than in randomly aligned
series.

Measuring the overall quality of an interaction
The DTW alignment measures when the activity overlaps for a large portion of the interaction or
each partner tends to stop moving when the other partner is acting. Such comparisons of bodily
activity across partners can be used to calculate a summarised overall index of the entire interaction
that captures the quality of the social exchange in terms of smoothness of turn-taking. To this
measure, we added the effectiveness of the interaction for promoting learning, which in turn was
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Figure 4. Two contrasting scenarios of motion-tracking data: in (a) activity in one time series tends to be matched by
activity in the second; in (b) activity in one usually corresponds to inactivity in the paired time series. The matrix shown
in each panel depicts all point-to-point costs (darker corresponds to smaller cost) and the minimum cost warping path, as
found using dynamic time warping, is overlaid in red.

measured as the number of words comprehended by the child in the testing phase. We evaluated
the turn-taking metric (a proxy of the smoothness in the cycling of activity between partners) with
the word testing measure by zooming in on periods of the interaction where the parent uttered the
object labels we previously selected. This is critical because an interaction could appear overall
to have a good joint coordination of action but could, nonetheless, be in a disorganised state
(e.g. both participants moving) during the key event of the parent’s utterance of an object name.
In natural interactions, key events are almost never in perfect cross-modal synchrony; sometimes
the child is playing while the parent labels the object, other times the child observes the parent
when the word is said, but may also be coactive during the naming event. A one-word utterance
can also overlap several interaction states, as motor movements damp down or increase during
the utterance. Our measure takes all this into consideration by first marking every data point,
inside the utterance of an object label, with an interaction state. We categorised the participant’s
joint-action states into: (1) both still: child and parent were not moving; (2) caregiver lead: the
caregiver was moving while the child was not; (3) child lead: the child’s body was moving while
the caregiver was not moving; and (4) concurrent: both were moving. This last state would seem
to create difficulties to the success of information exchange in the interaction. For a data point to
count as moving, the only requirement was that any body part (head, left or right hand) needed
to be moving. To be categorised as not moving, no body part could be moving.
The final aggregate measure calculates a weighted average of the time spent on each possible
interaction state, giving more weight to a state of non-coactivity such as (2) or (3) and weighted
this average by the overall turn-taking measure. We combined states (2) and (3) into one state
called turn-taking and only considered the relations between activity in a partner’s head and the
other partner’s hands as these are the strongest indicators of turn-taking. The next equation shows
the calculation:

Overall QualityDyad A = DTW Dyad A

j
k



state_dyad(i, t)

i=1 t=1

DTWDyad A =

DTW(Child s Head, Parent s Hands ) + DTW(Parent s Head, Child s Hands )
2
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⎧
⎪
⎨1.0, if dyad was in a turn − taking state at time t
state_dyad(i, t) = 0.5, if dyad was in both still state at time t
⎪
⎩
0.0, if dyad was in concurrent state at time t
i = 1 . . . j th utterance of an object label by parent
t = 1 . . . k th timestamp in utterance i
DTW = dynamic time warping cost of alignment

3.

Observed patterns of body dynamics

The data from each dyad (six sensors plus the mother’s speech) was analysed using the steps
described previously. We found that (1) these measures are sensitive to turn-taking; (2) parents and
children were actively turn-taking; and (3) the quality of the turn-taking interaction is correlated
with the number of objects’ labels that children learned.
3.1. Comparison of body activity between partners
We aligned, using DTW, all possible pairwise comparisons of the three measured body parts
(head, left and right hands) within and between the participants. As described in the previous
section, to assess the degree of coordination within a dyad, we compared this measure to a
baseline composed of random parent–child pairings, testing the average DTW alignment cost of
the sample with the average DTW alignment of the random pairings sample for each specific
comparison. When the comparison included hand movements, both the left and right hands were
included in the comparison. This was done by first computing the DTW alignment for each
hand with another body party separately and then including the results from both hands when
comparing against baseline. For example, when comparing head orientation movements to hand
location movements, the sample of six true dyads generated 12 DTW alignment costs (one head
orientation compared with the left and right hands) and the six random dyads generated another
12 comparisons; when testing against baseline each set of 12 points was one group.
The results of the DTW comparisons were as follows: (1) child’s head orientation and the parent’s hand movements had a higher cost (indicating turn-taking) than baseline for DTW alignment,
t (22) = 4.29, P < .001, one-tailed t-test, and calculated over the independent DTW alignments
of the parent’s left and right hands to the child’s head; (2) the parent’s head orientation and the
children’s hand movements had a higher cost than baseline for DTW alignment (again, indicative
of turn-taking), t (22) = 3.12, P < 0.005, one-tailed t-test; (3) both the child’s and the caregiver’s
own head orientation compared with their own hand movements had a lower cost than baseline
for DTW alignment (indicating synchronisation of the activity of different body parts within an
individual), tchild (22) = 2.75, P < .005, tparent (22) = 2.86, P < 0.005, both one-tailed t-tests.
These results indicate that (1) children tend to decrease head motion when the parent is moving
the hands, (2) parents tend to decrease head motion when the child is moving the hands, and (3)
the participants own head and hands movement were coordinated. All other pairwise comparisons
were not statistically significant (P > 0.05).
Most relevant to the present goals are the first two results. These indicate that both child
and adult jointly coordinated their own body activity to the activity of the social partner. Head
movements were inversely related to other partner’s hand movements, i.e. the head was still while
the partner’s hands were moving. This is a strong indicator of turn-taking. Importantly, then,
turn-taking is evident in the global activity pattern of body movement itself.
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3.2. Quality of the social interaction and its effect on word learning
On an average, parent–child interactions in this context of toy play and word learning exhibit turntaking. However, across dyads, interactions varied considerably in the degree of the coordination
smoothness, i.e. in the joint timing or cycling of body activity and inactivity. If it is the case that
the quality of the social interaction, in terms of the consistency in cycling body activity, is relevant
to children’s word learning, then a measure of turn-taking smoothness should be related to how
much was learned during that social interaction.
Accordingly, we calculated for each dyad an overall quality of the interaction, using the metric
described earlier in Section 2.3, and compared it with the number of words the children comprehended when tested by the experimenter. Figure 5 shows the results of this comparison. We
found that dyads with the highest interaction quality resulted in a higher total number of objects
correctly selected by the child in the name-comprehension task. That is, the smoother the bodily
activity modulation between the social partners, the more effective was the interaction for the
child. Again, it is noteworthy that this result was detected with a measure of the whole interaction,
calculated only from motion-tracking data of body movements, which suggests a causal role of
joint coordination of body dynamics in orchestrating successful information exchanges.
The interaction quality measure weighs the turn-taking by the state of interaction during a target
word utterance. This does not tell us if either the parent or the child was still when the word was
uttered and how much of the interaction during a word utterance is a non-concurrent state. It could
be that dyads with the most effective interactions were also in specific activity–inactivity states
when the parent uttered the object label. If so, how strong is the bias towards certain interaction
modes? The distribution of interaction states for the time periods where an object label was uttered
is shown in Figure 6 for each individual dyad. The name-comprehension result is also marked.
With the present sample size, it is not possible to derive strong generalisations, but the differences
between the dyads are suggestive of preferential modes of organising the interaction, as it relates
to word learning. The dyadic interactions yielding the highest child performance in the namecomprehension task had the least uniform distributions. They also showed a high probability for
the interaction to be in the child-lead or the parent-lead state during labelling; that is, the parent
said the word when the child was not moving (perhaps indicating that the child stops to listen),
or the parent uttered the word when not moving herself (perhaps providing a verbal description
of the child’s actions). That is, within the dyadic interactions yielding the most word learning by

Figure 5. Overall interaction quality measure (as described in Section 2) and total number of objects correct in the
name-comprehension test for each dyad.
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Figure 6. Distribution of the frequency of the parent–child interaction state, calculated over the interaction time corresponding to all the utterances of an object label, for each dyad. The total number of objects correctly selected in the
name-comprehension test (out of 10) is also shown below each distribution plot as a thick line. The dyads are ordered by
decreasing value of the name-comprehension test. For each axis, all six panels use the same scale.

the child, naming events by parents did not occur when both participants were moving nor when
both were still.
The individual patterns also suggest that multiple strategies can lead to a successful joint coordination and information exchange, perhaps a reflection of the idiosyncrasies of one’s own body
activity and capability of reading body activity in others. This may be particularly so in parent–
child combinations. Nonetheless, some patterns appear less likely to lead to learning. The dyads
yielding the poorest performance in the name-comprehension task had very uniform distributions
with little evidence of preferences for the interaction mode in which only one participant was
moving. These interactions were clearly the least smooth, where the cycling of activity between
parent and child was not consistent and most importantly for the child’s learning, the interaction
was not consistent when key events for learning occurred, that is, an object label was introduced.

4.

General discussion

A few minutes of toy play between parent and toddler yields a plethora of activity. In all its
complexity, the exchange entails many perception-action possibilities: head turns, hand motion
and hand gestures, eye gaze shifts, language, properties of the speech signal, affect, objects seen,
objects held, and so on. The present results show that all those individual acts create a global
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rhythm of activity–inactivity that cycles between the two participants, with momentary overlaps
and synchronies of perception and action. The overall structure of the rhythm observed here,
though coarser, approximates the finely tuned social exchanges of adults. Moreover, the results
show that this global rhythm – tracked in the present study only through head and hands motion –
matters to learning. Thus, the main result is this: there is a cycling in the global rhythms of parent–
child body activity and inactivity that organise toddler’s learning from that interaction. How and
in what way might this global cycling of activity support object name learning? We offer two, not
mutually exclusive, hypotheses.
Convergent and temporal cues to joint attention
Considerable research in learning object names, both with children and with artificial systems,
has demonstrated the importance of the child’s attention to the speaker’s intended referent. That
attention to the object needs to occur when the speaker names the referent. Picking out the
right referent at the right moment is not a trivial problem in cluttered real-world learning tasks,
with many shifts in attention and intended referents as discourse proceeds. Consequentially,
considerable research has been concerned with how children use individual acts by the speaker,
such as pointing or, more frequently, direction of eye gaze, to find the intended referent. Most of
this research with children and with artificial agents have used discrete and long-lasting acts of
looking and pointing to a referent. This is necessary, in part, because the geometrical calculations
to actually discern the referent from such acts are not simple and certainly not simple for young
children (Triesch, Teuscher, Deak, and Carlson 2006). This fact raises the serious problem as to
how children actually use these acts (or how artificial devices can be made to use these acts)
to discern the referent in the highly dynamic context of continuous discourse. However, if these
acts – and naming – are systematically embedded in a global rhythm of activity and inactivity, then
sensitivity to global activity itself (rather than individual acts) or the rhythm itself may support
joint attention and perhaps also attention to specific kinds of body movements. An important
future question, then, is how joint attention may be dynamically related to the turn-taking rhythm
seen in global activity.
Following or leading the learner
The naming events most predictive of word learning occurred: (1) when the child was acting and
the parent was still and (2) when the child was still and the parent was acting. The first context
may emerge when the parent’s attention (and naming) follows the child’s attentional lead. Studies
of individual differences in how parents teach children as well as experimental studies have led
some to conclude that the most efficient teaching episode is one in which the teacher names
the object to which the child is already attending (see, for example, Tomasello and Todd 1983;
Tomasello, Mannle and Kruger 1986; Tomasello and Farrar 1986). Indeed, in one longitudinal
study, toddlers learned more words when taught using the follow the child’s lead approach than in
conditions in which the child’s attention was recruited to the referent before teaching (Tomasello
and Farrar 1986). Here, the child does not have to figure out the referent because the mature partner
waits until the child’s attention is directed to one thing and then names that thing of interest. The
second context – naming an object when the child is still and watching – could be viewed as an
instance of the mature partner trying to lead attention. However, these naming episodes may also
be effective if they emerge from parents waiting to act until when the child’s own activity is low
and naming after the child directs attention to the parent’s action. A global cycling of activity and
inactivity may be coupled with a give and take in attention that yields optimal and participatory
learning. Certainly, naming events in which both participants are acting – and neither is still and
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watching the attentional state of the other – seem suboptimal. Naming when no one is acting –
and thus when attention may be less engaged – may also be suboptimal. A key question for future
work is whether both cycles (child active/parent inactive and child inactive/parent active) are
equally effective for learning and whether the rhythm of global activity plays an additional role
in orchestrating the timing of these teaching opportunities.
4.1. Scaffolding an immature social partner by shaping his internal dynamics
Adult human social interactions show an impressive range of properties that are matched and
regulated. Child and adult social exchanges show part of this structure, but they have an important
qualitative difference: they are between a mature and a considerably more immature partner. The
immature partner in these interactions has a smaller set of motor skills, lower attention span, less
cognitive control, more difficulty in selectively attending, and engaging and disengaging attention.
The interaction is thus asymmetric, in striking contrast to a social interaction between two mature
partners that share a considerable set of cognitive abilities and cultural background, which can be
used to reach a common ground.
It seems likely that in the present context, the mature partner orchestrated the turn-taking
rhythm. Just as in the turn-taking of mother–infant face-to-face play, it may be the mature partner
who stops what she is doing if the child starts to act and who increases her activity on objects
when the child’s own activity begins to wane. In another related study, Yu, Smith and Pereira
(under review) examined the structure of transitions among four possible states in the interactions
of toddlers and parents. The states were identical to the definitions we used here: (1) both still:
neither is moving; (2) caregiver lead: the caregiver is moving while the child is not moving; (3)
child lead: the child’s body is moving while the caregiver is not moving; and (4) concurrent: both
are moving. Transitions to states 2 and 3 were primarily controlled by the parent’s activity. When
both were still, the parent began to increase activity; when both were concurrently acting, the
parent stopped acting. Importantly, by controlling the dynamics of the interaction in this way, the
mature partner may shape or entrain the internal dynamics of the immature one. Developmental
advances in information exchange and collaborative problem-solving thus may have their origins
in the tuning of attentional and activity-based rhythms (see Tani, Nishimoto, Namikawa, and
Ito 2008 for evidence suggesting that social partners can ‘force’ a developing system into more
advanced intrinsic dynamics).
4.2. Social learning in human–machine interaction
A deeper understanding of human learning is directly relevant to building artificial intelligent
systems that learn from, teach, and work with humans. Decades of research in artificial intelligence
suggest that flexible adaptive systems cannot be fully pre-programmed. Instead, we need to build
systems with some preliminary constraints that can create and exploit a rich and variable learning
environment. Considerable advances have been made in biologically inspired forms of artificial
intelligence (Brooks, Breazel, Irie, Kemp, and Marjanori 1998; Asada, McDorman, Ishiguro, and
Kuniyoshi 2001; Steels and Kaplan 2001; Breazeal and Scassellati 2002; Weng, Zhang and Yu
2003; Yu and Ballard 2005).
Toddlers are fast word learners and they do so from interactions with people and objects in
a cluttered world. Could we build a computational system that accomplishes the same learning
task? If so, what attributes of a young child are crucial for the machine to emulate? We believe
that studies in human learning provide useful hints in various aspects to answer those questions.
First, human studies suggest what kinds of technical problems need to be tackled. For the same
task, mapping language to the real world, the machine needs to deal with similar problems that the
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existing intelligent systems, biological or not, face. For example, one key problem in human language learning is reference uncertainty (Quine 1960); given a natural learning situation consisting
of a sequence of spoken words uttered by a teacher with multiple co-occurring objects and events
in the extra-linguistic context the present work shows how joint body activity in a social interaction may orchestrate attention and thus help to resolve this ambiguity and promote language
learning. Moreover, the current study focused on a social context common to young children,
but quite different from current machine learning (ML) approaches. Many ML approaches first
collect data with (or without) teaching labels from users and the environment and then rely on
implementing efficient mathematical algorithms and applying them onto the pre-collected data
to induce language knowledge. The methodology largely assumes that a learner (e.g. a machine)
passively receives information from a language teacher (e.g. a human supervisor) in a one-way
flow. In contrast, a young child is situated in social contexts and learns language through his
own actions with objects and the caregiver. Language teachers dynamically adjust their behaviour
based on their understanding of the learner’s state. Thus, teachers provide ‘on-demand’ information in real-time learning. Meanwhile, the learner also plays an important role in learning-oriented
interactions by actively generating actions to interact with the physical environment and to shape
the teachers’ responses and acquire just-in-need data for his learning.
Thus, current machine learning studies focus on one aspect of learning – what kind of learning
device can perform effective computations on the pre-collected data; they ignore an equally
important aspect of the learning – the learning environment that a learner is situated in. The
present results hint that two dynamically coupled systems, who cycle through periods of activity
and inactivity, of doing and watching, may create an even more powerful learning device than the
child (or machine) alone. If the rhythm in an interaction can gate attention and learning, then a
key mechanism for learning is outside the individual learner and resides in the dynamic coupling
of the learner to a social world.
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