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Abstract—In humans, the acquisition of a new motor skill is
associated with the development of a wide range of cognitive
areas and can create contexts in which new cognitive capacities
develop. Motor development is linked to language development
in infants, as crawling and walking promote active exploration
of the environment, while manipulating objects and pointing
draw the caregiver’s attention and help establish joint atten-
tion. Together, these motor experiences broaden communication
contexts and support the learning of nouns (object-based words)
and verbs (action-based words). However, many questions remain
unanswered about how children’s actions influence language de-
velopment, qualitatively and quantitatively, and how they help the
acquisition of different types of words, particularly the learning
of verbs. In this paper, we propose a robot architecture to study
how gestures can affect early language learning. The architecture
follows the developmental robotics paradigm, i.e. inspired by the
way human children develop and acquire language according
to multiple developmental theories. The experimental results
demonstrate that enabling the robot to produce gestures expands
its vocabulary size and facilitates the acquisition of verbs. These
results are in line with the finding that verb learning lags
behind noun learning since the acquisition of verbs depends
more on motor abilities and requires the maturation of motor
development.

Index Terms—Developmental robotics, Language acquisition,
Verb learning, Symbol grounding, Social affective robotics.

I. INTRODUCTION

Language development in infants is influenced by several
interacting factors, including biological predispositions, the
quantity and quality of language exposure, interaction with
caregivers, socioeconomic context, and cognitive abilities [1].
Among these factors, motor skills also play a significant
role. The supportive role of children’s actions in language
learning was investigated in several studies. Findings show
that the names of objects manipulated by children appear
more frequently in infants’ vocabularies [2]. Learning to walk
is associated with a significant increase in receptive and
productive language [3] [4]. Active infants with multiple motor
skills and mobility exhibit greater environmental exploration
and can pick up a greater number of objects, encouraging
shared communication between parent and child [5]. Manual
motor behavior plays a role in early language development in
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infants since there is a link between infant object manipulation
and caregiver verbal labeling of actions [6] used by the child
to learn. This learning typically takes place when an infant’s
actions prompt the caregiver to engage with them. Children
are very sensitive to the caregiver’s reaction, and rely on them
to acquire new knowledge [7]. In terms of learning the two
key grammatical forms of words, namely nouns and verbs,
several studies have demonstrated that the learning of verbs
lags far behind the learning of nouns [8] [9], and that children’s
vocabularies contain a higher proportion of nouns than verbs
[10]. This early advantage of nouns can be explained by
the nature of the two categories: for a 24-month-old child,
language acquisition involves mapping new nouns to object
categories and new verbs to event and action categories [8];
most nouns words are concrete, conceptually stable and can be
learned by observation [8] [9]. Furthermore, since the meaning
of a given verb depends on the arguments (nouns) it takes,
children may need to develop a repertoire of nouns before they
can easily learn verbs [8]. Other possible explanations for this
disparity include the fact that learning verbs is embodied and
requires the development of children’s motor actions, as these
provide important clues to the meaning of verbs [11]. Under-
standing verbs is more directly related to motor development
than understanding nouns [12]. Due to their embodiment and
ability to perform actions, robot language models can be used
to help investigate and validate these conclusions. We propose
a robot architecture to validate the findings that highlight the
relationship between motor development and language devel-
opment, and to explain how the former affects the emergence
of verb acquisition. The proposed architecture follows the
developmental robotics paradigm. This field of robotics uses
robots as research tools to study and model the emergence and
development of cognition and action [13]. To validate models
proposed by neuroscientists and developmental psychologists,
the robot must learn in the manner of a human child, i.e.
through embodied online interactions with its environment and
social interactions [14]. Next section further explores some
works using the developmental paradigm to study language
acquisition in children.

II. RELATED WORK

Learning the semantic aspect of the action verb has received
particular attention in robotics research, as it is necessary for
a robot to understand commands, and since the vast majority
of instructions given to robots are in verbal form (e.g., follow,
open, close ....). A robot architecture was proposed in [15]
for grounded verbal semantics that aims to associate the
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verbal phrase and its corresponding sequences of primitive
actions with the robot’s actuator. This interactive approach
was proposed to address the limitations of techniques that use
only demonstration and observation learning [16] [17] to learn
the semantic of verbs by making the robot more interactive
and learning when to ask questions that guide the robot’s
learning. In [18], the authors introduced a robot architecture
for learning the meaning of action verbs based on human-robot
dialogues and natural language explanations, the architecture
enables the robot to use these actions in new and different
contexts. An algorithm for understanding natural language
commands, enabling a human to control a simulated robot
to carry out instructions, was introduced in [19], and then
used the collected data to train a model of command verb
meaning from a corpus of natural language commands. In [20],
a machine learning approach was introduced to map object-
manipulation verbs onto sensory inputs and motor outputs.
After learning, when it receives an instruction, such as to
move an object, the robot uses Hidden Markov Models to
generate the motion trajectories learned by user demonstration.
Although these models investigated how the semantic and
pragmatic aspects of natural language can be embedded in
motor actions or sensory representation, their aim was only
to help the robot understand and execute vocal commands,
but not to assess how motor abilities contribute to language
learning or to follow the same developmental trajectory as
language in humans.
The method we propose here follows models of language
development that draw parallels with the way children learn
and develop skills. Models such as [21] use interaction with the
robot (through description, feedback, demonstration...) to help
the robot learn simple grammar and basic language skills. The
study in [22] explored how action words can be grounded in
sensorimotor experiences using an artificial neural network. In
[23], a developmental robot model [24] was used to replicate
a study [25] showing how the body can impact the cognitive
processes involved in language learning. The results indicate
that, as in humans, body posture plays a central role in the
name-object correspondence and language learning abilities
of robots.

III. PROPOSED APPROACH

To evaluate how motor development can affect language
learning and support the acquisition of verbs, we propose a
robot language learning architecture in which the robot learns
language in a functional way. This approach aligns with M.K.
Halliday’s functionalist theory of language acquisition [26],
which posits that children learn language as a means to achieve
other goals—such as requesting objects or expressing needs. In
this view, infants take on a central and active role in language
learning, rather than being regarded as passive learners .
Learning also occurs when parents describe verbally their
infants’ actions [11]. We propose to extend these works [27]–
[30] that were limited by the absence of the audio modality.
By adding it, we give the robot the ability to map words
to actions using a recurrent neural network. In this way, it
learns verbs and the names of its actions. The learning methods

are also based on connectionism and reinforcement learning.
The robot’s learning scenario is summarized in Figure 1. To
make this approach consistent with the functionalist view of
language, the robot is motivated to achieve goals that can be
difficult to self-fulfill without human interaction. Thus, the
robot uses its proto-word vocabulary to communicate its need.
Successful interactions help the robot to ground its vocabulary
to the sensory data and to the goal that can be achieved with
the acquired word. The robot can also perform actions to
manipulate objects and point to them. The caregiver provides
verbal labels for these gestures, and the robot uses them to
learn the names of the gestures. In this way, the robot learns
verbs. The choice of this learning method from the caregiver
labeling is justified by the fact that parents tend to respond to
and label their children’s gestures [31].

Fig. 1. The robot’s language learning scenario. The robot is driven to achieve
goals that can be accomplished with human assistance. The robot uses its
vocabulary to communicate its needs to a caregiver. Successful interactions
enable the robot to ground its vocabulary in sensory data and in the goal
that can be achieved with the acquired word. The robot can also explore its
environment and perform gestures to manipulate and point at objects. The
caregiver provides labels for these gestures, which the robot uses to learn the
names of its actions.

IV. METHOD

The proposed architecture is based on the robot language
model proposed by [29] dedicated to learning the name of
objects and the associations between internal needs and words
in a robot. The extension consists of giving the robot the
ability to manipulate and point to objects, and to hear the
caregiver’s verbal labeling of actions, allowing it to learn the
association between the actions and their labels. The present
architecture consists of four subsystems. A dynamic model
of motivations [32] [33] [34] enabling the robot to have
goals. A visual perception module that helps the robot to
perceive its environment and learn the names of objects. An
action/communication module enabling the robot to express its
needs and manipulate or point to objects. An auditory module
for speech perception and word-action association. The robot’s
overall architecture is illustrated in Figure 2. The following
sections describe in detail each of the modules and how
associations between words/actions, motivations and objects
are created via human-robot interaction.

A. The robot cognitive model

We first detail the architecture’s motivation, perception,
and actions/communication modules, and then outline how
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Fig. 2. The robot’s architecture consists of a perception module, a motivation module, and a communication/action module. Like a child, the robot learns
through interaction with its environment and a human partner to name objects (nouns), identify their affordances (i.e., the motivations they can satisfy), and
learn the names of actions (verbs). The robot grounds nouns in the visual appearance of objects and verbs in the motor joint angles.

associative learning enables their integration.
1) Motivation module
We propose to endow the robot with a motivation module

(Fig. 2) that modulates its internal drives and sets its goals.
These motivations make the robot an active learner and drive
it to act or communicate in order to satisfy them. Motivations
can include the need to ”eat”, ”drink”, or ”play”, and they
can be satisfied by objects present in the robot’s environment.
When a motivation is triggered, the robot may choose an action
or utter a word that prompts a caregiver to assist it. Learning
occurs when the motivation is satisfied, and after receiving a
reward, the robot learns the optimal action or word to use in
similar future contexts.
We used a simplified version of the motivation module from
[27], since we are not studying in this work the impact of
temporal evolution of motivation on language acquisition. The
robot’s motivation to satisfy is randomly selected from the
motivation space according to a uniform distribution.

2) Perception module
The robot is endowed with a perception system that en-

hances its ability to detect its environment, including the
presence of objects, the caregiver, and verbal feedback. This
system comprises two modalities: visual and auditory.
Visual perception
The vision module performs object detection and feature
extraction, which are used as input for two neural networks
(perceptrons) to create two types of associative learning:
between words and referents, and between objects and internal
states. The robot’s stereovision allows it to estimate the
distance to objects and learn that certain actions—such as
grasping or reaching—are ineffective if the objects are too

far. Depth information is estimated based on the horizontal
shift (disparity) of the same object in two images captured at
the same time by the robot’s cameras [35].
Auditory perception
The auditory system allows the robot to perceive verbal
feedback provided by the caregiver. In our work, we consider
the robot to be comparable to a 24-month-old baby, so it
can only pronounce a limited number of syllables (see next
section). When the robot pronounces a proto-word and obtains
the correct object that responds to its current motivation, the
verbal feedback from the experimenter (the name of the object)
is used by the robot to learn the correct word for the object
and expand its vocabulary. The caregiver’s verbal feedback is
also used by the robot to learn the name of its actions. For
example, when the robot hands an apple to the caregiver, the
latter provides verbal feedback by saying “you give the apple,”
which allows the robot to learn the name of its action. The
verbal labels phrases are converted into text and encoded (one-
hot encoding) to serve as input to a recurrent neural network,
which associates it with the robot’s motor joint angles involved
in executing the action.

3) Actions/Communication module

This module is dedicated to the action production of
the robot, either verbal or gestural. The robot’s actions
are preprogrammed and can be executed to manipulate ob-
jects (like grasping or taking) or to draw the caregiver’s
attention to an object (like pointing) in order to establish
joint attention. The robot’s action space is defined as: a ∈
A = {pointing, grasping, giving, taking}. These actions cor-
respond to the early gestural production that infants in their
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first and early second years use to communicate [31]. Each
of this robot’s action corresponds to a sequence of the robot’s
arm motor angles (trajectory) that forms a gesture directed
toward an object.

The robot vocabulary is composed of two-syllable words
that correspond to 10 of the most frequent syllables of an 8-
month-old infant [36]. The communication module (Fig.2) also
contains a text-to-speech unit that allows the robot to vocalize
its words.
The protolanguage and gestures development are not addressed
in this work, we consider that the robot has already developed
phonological and motor skills and that the aim is to ground
the developed words/gestures to the sensory data, action verbs,
and to the goal that can be achieved with these words. Several
developmentally inspired models have studied the emergence
of proto-words and motor skills in robots through human
interaction [37] [38] [39]. Our model is designed to explore
the next developmental milestone once the infant has mastered
those necessary prerequisites.

B. Learning the associations between modules

In our model, associations are learned online between per-
ceptual, motor and motivation modules through the interaction
with the environment and the caregiver. The robot’s goal is to
obtain the correct object that can meet its current need. This
will lead the robot to learn the correct word to use for each
context, to learn to name the objects in its visual field, the
verb that describes its action, and to understand the internal
needs that each object can satisfy, i.e. their affordances.

1) Association visual perception-motivation module
When the robot chooses a word/action and gets the cor-

rect object that satisfy the current motivation, the extracted
visual features of the object by the visual perception module
are used to train a neural network (perceptron) to associate
object/internal need.
The update of the synaptic weights of this neural network
follows the least mean squares rule:

∆ωij = ϵVi(yj − ŷj) (1)

with : • ϵ: the learning rate. • V : visual features of the
object. • yj : The internal state satisfied by the object. • ŷj :
The predicted object affordance.

2) Association visual perception-word
A second neural network creates an association between

the visual features of an object and the pronounced word that
allowed the robot to obtain it. This association enables the
robot to associate names from its vocabulary with the object
it has interacted with. The synaptic weights update of this
second neural network follows the same rule as the first one,
namely the least mean squares method.

3) Association motivation-action/communication module
The mapping between the robot’s vocabulary/actions and the

internal state (Fig.2) uses the reinforcement learning approach
proposed in [29]. The robot starts by producing a random
word/action when one need outweighs the others, and the
caregiver/human partner who has no prior knowledge of the

robot’s internal need responds to the robot’s vocalization by
choosing an object and giving it to the robot. If the given
object meets the robot’s need, the motivation associated with
this need decreases, and a reward of +1 is given to the robot,
which expresses its satisfaction with a happy gesture (Fig. 4b).
Otherwise, the word receives a reward of -1, which decreases
the probability of reusing the word in the same situation, and
the robot expresses its dissatisfaction (Fig.4c).
In reinforcement learning, this problem can be formulated as a
contextual multi-arm bandit problem [40], in which the action
space corresponds to the words/actions the robot can utter
and perform, states are the robot internal needs, the contexts
correspond to the presence or absence of the caregiver, the
presence of objects, and their proximity to the robot. When
the robot encounters a new situation, a new context is added to
the Q-table and initialized with the values of the most similar
situation. In each context, the Q value of action a is calculated
using equation :

Qn+1(a) =
h− 1

h
Qn(a) +Rn (2)

with h, a parameter used to prevent divergence of the Q value,
and Rn the reward received at time step n. The robot uses a
unified greedy policy (Eq. 3) to select a word/action according
to context.

An = argmax
a

Qn(a) (3)

When the interaction is successful, the caregiver also provides
the correct name of the object, allowing the robot to add the
new word to its Q-table and assign it a positive reward. The
learning method is detailed in the Algorithm 1.

Algorithm 1 Learning algorithm
Require: N,h

Initialize action value function Q(s, a)
for n = 1, 2, . . . , N do

wait for an internal state s to trigger
while The internal state is not satisfied do

Choose action/word a from s using policy derived
from Q

Take action a, observe R(s, a)
r ← R(s, a)
Update
Q(s, a)← h−1

h Q(s, a) + r
end while
Create the association between the visual features of the

object and the internal state
If the object is obtained by requesting it from the

caregiver: create the second associations between the object
visual features and the pronounced word. Add the new word
to the Q table.

If the object is obtained by a robot action: create the
second association between the performed action and the
label provided by the caregiver.
end for
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4) Association auditory perception-actions
When the robot manipulates objects and performs actions on

them, such as grasping, taking, giving, pointing... The human
partner provides the label for this action. This verbal label is
converted into a sequence of words, then associated with the
sequence of the motor primitive that resulted in the action.
We use a recurrent neural network that associates a word
sequence with action sequence to learn the verbs that describe
the robot’s actions. Specifically, we use sequence to sequence
LSTM (Long Short Term Memory) [41] for this learning task,
since the labels provided by the caregiver are a sequence of
words (used as the inputs of the LSTM), and the robot’s
actions (the outputs) are a sequence of motor joint angles that
change over time during the action trajectory.

V. EXPERIMENTAL SETUP

We employed a simulated version of the humanoid robot
Reachy running under the Unity simulation environment
(Fig.3) and we endowed the robot with the proposed archi-
tecture. The robot is internally driven by three needs: hunger,
thirst and boredom. These needs can be satisfied by objects in
the scene. When a need is triggered, the robot either chooses an
action or utters a word to obtain an object. A human caregiver
gives the robot an object when the robot speaks or point at
an object and provides labels for the actions performed by
the robot. The robot’s vocabulary is composed of 10 words, 6
objects are present in the robot’s environment (Fig. 3), two of
which can satisfy the need to play (a car and a bear), two can
satisfy the need to eat (an apple and an orange) and two can
satisfy the need to drink (a cup, a milk bottle). The moving
average of rewards is used as an evaluation metric. It is defined
as the average, at iteration n, of the m rewards previously
received:

r̄n =



1

n

n∑
i=1

Ri if n < m

1

m

n∑
i=n−m+1

Ri Otherwise

(4)

Convergence time is defined as the number of iterations
required to reach 90% of the final value.

To study how motor development affects language acqui-
sition, we conduct a control experiment in which the robot’s
outputs are limited to speech, and a second experiment where
the robot can both speak and perform actions.
Virtual caregiver
To be able to repeat the experiment many times and with a
high number of iterations, we used a virtual caregiver that
simulates different caregiving strategies. This caregiver does
not know the internal states of the robot, he can only hear/see
the actions of the robot, choose and give an object, label the
robot actions, and observe the robot feedback. This problem
can be formulated as a multi-armed bandit problem [40],
the states correspond to the actions heard/seen by the virtual
caregiver and the action space corresponds to the choices of

Fig. 3. Experimental setup in the Unity simulator. Reachy is standing in front
of a table with objects that can satisfy its internal needs - boredom, hunger
and thirst. In the control experiment, for a given internal state, Reachy says
a word from its repertoire to obtain the appropriate object. The caregiver
tries to guess the desired object and clicks on it. The robot then expresses
satisfaction or frustration with its antennae when the given object satisfies the
current need. In the second experimental scenario, the robot can discover its
environment by manipulating objects and performing actions on them (e.g.
giving an object as shown in the figure). The caregiver labels the actions
which enable learning of the verbs.

(a) Robot neutral
gesture

(b) Robot happy ges-
ture

(c) Robot sad ges-
ture

Fig. 4. The robot’s feedback is displayed after it utters a word and receives
an object from the caregiver. This allows the caregiver to know whether the
object given is the one desired by the robot. As a result, the caregiver will
give the same object in the future when he/she hears the same word spoken
by the robot.
objects she/he will give, an action receives a reward if the robot
expresses its happiness (using its antennae) after obtaining the
desired object, otherwise the action is penalized.
The choice of the object to be given follows a greedy approach
(the action with the highest Q-value). During the training
phase, caregiver verbal feedback is provided following the
robot’s actions. For example, after the robot’s action (e.g.,
robot: [grabs the cup]), the caregiver responds with verbal
description (e.g., caregiver: ”You take the cup!”). In the test
phase, the caregiver issues verbal commands to prompt the
robot’s actions (e.g., caregiver: ”Take the cup!”), and the robot
responds accordingly (e.g., robot: [grabs the cup]).

VI. RESULTS

The results were calculated on the average of 20 repetitions
of each experiment. The moving average reward at each time
step n is computed on the previous m = 50 values. The results
of each experimental scenario tested are presented below.
Figure 5a illustrates the evolution of the average reward in
the control scenario where the robot relies only on words to
satisfy its needs. Convergence is reached after 62 iterations.

Table I shows the new learned words from the caregiver
feedback and the association between the robot’s vocabulary
and the internal needs. After learning, each need has only one
word with a convergent Q-value.

In the second experimental scenario, the robot relies on
words and actions to satisfy its needs. Figure 5b shows the
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evolution of the average reward in this scenario. The first
convergence is reached after 59 iterations. At iteration 70 the
caregiver stops responding to the robot’s babble, causing the
robot to learn to rely on its actions to satisfy its need, which
leads to the second convergence in iteration 173 after the robot
learned to take objects.

(a) The control scenario, the robot relies only words to communicate
its needs to the caregiver. Convergence is reached on iteration 62.

(b) Scenario where the robot relies on words and actions to satisfy
its needs, but the caregiver presence in not permanent. The first
convergence is reached on iteration 59. At iteration 70, the caregiver left
the robot, and the robot began to explore new strategies that could help
it obtain the desired object. The robot learns to rely on its action “Take”
to obtain autonomously the object that can satisfy its need, hence the
second convergence observed in the iteration 173.

Fig. 5. Evolution of the moving average reward in the three tested experi-
mental scenarios.

Table II illustrates the association between the robot’s
vocabulary and actions with different contexts. Each of these
contexts is the merging of the robot’s internal state and
the perceptual context, which provides information about the
environment, such as the presence or absence of the caregiver,
nearby objects, etc. For this scenario, the first three of the
six contexts created correspond to the robot’s internal states
(“Thirst”, “Hunger” and “Boredom”) plus the presence of the
caregiver, while the last three correspond to the same internal
states plus the absence of the caregiver. After learning, each
context has a single output with a convergent Q-value.

Histogram 7 illustrates the number of words acquired by
the robot in both conditions: with and without motor actions.
These words were learned during interaction and are grounded
either in the robot’s sensory inputs or its motor joint positions.

After the learning phase, the LSTM recurrent neural net-
work successfully generated the motor joint angles for the

Fig. 6. Comparison between the trajectory of the robot arm’s end effector
when performing an action aimed at obtaining an object to meet a need, and
the learned trajectory executed by the robot when asked to perform the action
(Euclidean distance). Top, the action “give” an object. Bottom, the action
“take” an object.

Fig. 7. Comparison of the robot’s acquired vocabulary size with and without
motor capabilities.
*** very significant statistical difference from t-test: p-value<0.001.

trajectories corresponding to phrases describing the robot’s
manipulation of objects (Figure 6).

Figure 8 shows the PCA-based dimensionality reduction of
trajectories generated by the robot’s recurrent neural network
in response to single-word phrases from the two lexical
categories of verbs and nouns. The PCA trajectories of the
nouns reflect their position in the experimental setup (Fig.3).
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”wada” ”naba” ”maba” ”daba” ”paba” ”bada” ”bama” ”babe” ”waba” ”wama” ”cup” ”car” ”apple”
”Thirst” 0.2 0.4 0.1 0.2 0.02 -0.2 0.3 0.3 0.02 0.3 4 0 0

”Boredom” 0.4 0.8 0.2 0.6 0.6 0.1 0.5 0.7 0.1 0.6 0.6 4 0
”Hunger” 0.02 0.1 0.1 0.4 0.5 0.4 0.1 0.8 0.5 0.3 0.0 0.4 4

TABLE I
Q-TABLE OF ASSOCIATION BETWEEN THE ROBOT’S VOCABULARY AND INTERNAL STATES IN THE CASE WHERE THE ROBOT RELIES ONLY ON ITS

VERBAL OUTPUT TO COMMUNICATE ITS NEEDS. IN BLUE, THE NEW WORDS ACQUIRED FROM THE CAREGIVER FEEDBACK.

”wada” ”naba” ”maba” ”daba” ”paba” ”bada” ”bama” ”babe” ”waba” ”wama” ”take” ”give” ”hold” ”point” ”cup” ”car” ”apple”
Context 1 0.2 0.6 0.6 0.4 0.0 0.5 0.5 0.4 0.1 0.4 0.1 0.6 0.6 0.8 4 0 0
Context 2 0.6 0.2 -0.4 0.5 0.1 0.0 0.3 0.1 -0.3 -0.3 -0.4 0.3 0.6 0.2 0.7 4 0
Context 3 0.8 0.2 -0.3 -0.3 0.5 0.1 0.4 -0.4 0.2 0.0 0.7 0.6 0.0 -0.3 0.1 0.1 4
Context 4 -0.6 -0.6 -0.4 -0.3 0.1 -0.7 0.2 -0.7 0.1 0.1 4 -0.3 -0.3 -0.4 0.8 0.6 0.7
Context 5 -1.7 -1.3 -1.7 -1.7 -1.7 -1.7 -1.4 -1.4 -1.5 -1.3 4 -1.7 -1.7 -1.5 0.4 0.4 0.0
Context 6 -0.7 -0.8 -0.4 -0.8 -0.4 -1.2 -0.6 -0.7 -0.9 -0.8 4 -0.8 -0.5 -0.6 -0.4 -0.6 -0.7

TABLE II
Q-TABLE OF THE ASSOCIATIONS BETWEEN THE ROBOT’S VOCABULARY AND ACTIONS WITH ITS INTERNAL STATES AND CONTEXTS, IN SCENARIO
WHERE IT RELIES ON VERBAL AND BEHAVIORAL OUTPUTS. THE CAREGIVER IS NOT ALWAYS PRESENT, CAUSING THE ROBOT TO LEARN TO TAKE

OBJECTS TO SATISFY ITS NEEDS. THE FIRST THREE OF THE SIX CONTEXTS CREATED CORRESPOND TO THE ROBOT’S INTERNAL STATES (“THIRST”,
“HUNGER” AND “BOREDOM”) PLUS THE PRESENCE OF THE CAREGIVER, WHILE THE LAST THREE CORRESPOND TO THE SAME INTERNAL STATES PLUS

THE ABSENCE OF THE CAREGIVER. IN YELLOW, THE ACTIONS THE ROBOT CAN PERFORM. IN BLUE, THE NEW ACQUIRED WORDS.

Fig. 8. Projection of the trajectories produced by the robot’s recurrent neural
network following input from two lexical categories: nouns and verbs.

VII. DISCUSSION

In the control scenario, the robot starts to receive positive
rewards after the learning phase, which means that the care-
giver starts to understand the words used by the robot and gives
it the correct object, with each object having a stable name.
The drawback of the first architecture is that the robot depend
always on the caregiver to give it an object and is not expected
to reach complete autonomy. In the second architecture, where
the robot is endowed with motor capabilities, we observe
convergence at approximately the same speed as in the first,
since the robot also relies on its verbal output and on the
caregiver to satisfy its needs. At iteration 70, the caregiver
leaves the robot, and the robot began to explore new strategies
that could help it obtain the desired object. After 103 iterations,
the robot learns to rely on its action “Take” to obtain the
object that can satisfy its need, hence the second convergence
observed after the iteration 173.

The difference in vocabulary size visible in histogram 7 can
be explained by the labels the robot obtains when manipulating
objects. Each time the robot holds, points at or takes an object,
it establishes a joint attention between the two parties on the
given object and facilitates its naming. This result supports
prior research suggesting that early gestural production in
children can predict their vocabulary development [31]. The
size difference in the vocabulary is also due to the nature of
the words acquired by the robot, when endowed with motor
capabilities, the robot also learns the names of the actions
it can perform. Unlike noun learning, verb learning in our

architecture was only possible when the robot had motor skills.
This aligns with findings in infants which show that motor
actions provide a powerful basis for the learning of verbs [11].
The dimensionality reduction of the trajectories generated by
the robot after hearing verbs and nouns shows the appearance
of a clustering of the two lexical categories (Fig. 8). During the
learning phase, the robot heard verb-noun phrases labeling its
action performed on an object (e.g.: hold apple, give toy...).
In contrast, the trajectory generated here corresponds solely
to a phrase of one word, which can be a verb or a noun,
as shown in figure 8. In the inference phase, when the robot
hears nouns, it directs its action towards the corresponding
object. As for verbs, since they always need a noun (object)
as an argument, giving the robot a verb-only sentence will
generate a neutral trajectory equivalent to the mean of all
learned trajectories, as shown in figure 8. As a result, and for
this learned vocabulary, the architecture is able to differentiate
between nouns and verbs in the trajectory space. In humans,
the ability to discriminate between word classes is considered
to be the first step in learning syntactic constraints and how
to combine words in order to generate new sequences and
phrases [42].

VIII. CONCLUSION

We presented an active learning robot architecture to study
how motor development affects language acquisition. As in
humans, the results show that motor skills can be seen as a cat-
alyst for verbs learning. With motor skills, the first difference
being the size of the vocabulary and the grammatical category
that the robot develops, the robot has also acquired the seman-
tic and pragmatic aspects of language, each learned word is
associated either with perceptual information (nouns) or with
motor joints (verbs). The robot’s actions enabled it to learn
not only verb words, but also nouns. When the robot pointed
at the object or manipulated it, it received the name of the
object from the caregiver. The results also support the findings
suggesting that verb learning is embodied and requires motor
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experiences and cues to form the meaning of the verb, unlike
noun learning which is supported only by observation, which
may explain the early noun advantage. The results also show
the beginning of the categorisation of the two fundamental
grammatical forms: nouns and verbs. Regarding the limitations
that can be addressed in future work, our architecture is not
yet fully developmental, the robot uses a pre-coded repertoire
of words and actions, we assume that the robot masters some
specific actions and the goal here is to learn to name them
and study how they affect language, this can be modified in
the future using for example reinforcement learning algorithms
dedicated to actions acquisition. We will further improve the
experimental design by including several participants in the
study. We also intend to expand on the motivation system
which we expect to help with the acquisition of high-level
language and the learning of sequence of words.
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