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The research and development of robot partners have
been actively conducted to support human daily life.
Human-robot interaction is one of the important re-
search field, in which verbal and nonverbal communi-
cation are essential elements for improving the inter-
actions between humans and robots. Thus, the pur-
pose of this research was to establish a method to
adapt a human-robot interaction mechanism for robot
partners to various situations. In the proposed system,
the robot needs to analyze the gestures of humans to
interact with them. Humans have the ability to inter-
act according to dynamically changing environmen-
tal conditions. Therefore, when robots interact with
a human, it is necessary for robots to interact appro-
priately by correctly judging the situation according
to human gestures to carry out natural human-robot
interaction. In this paper, we propose a construc-
tive methodology on a system that enables nonverbal
communication elements for human-robot interaction.
The proposed method was validated through a series
of experiments.

Keywords: robot partner, human-robot interaction, cog-
nitive development system, instructed learning, informa-
tion support

1. Introduction

Research on cognitive science based on physicality has
recently began to flourish again for the first time since
the 1980s. Cognitive development in areas such as com-
munication skills has been researched from various view-
points [1,2]. Communication methods can be classiied
as verbal and nonverbal communication. When commu-
nicating with communication partners, communication
methods using verbal information are efficient in most
cases. However, nonverbal communication plays an im-
portant role in collaborative team working [3-5]. In order
to systematically understand communication, communi-
cation methods are being researched from various view-
points in fields such as philosophy and pragmatics. Re-
search on nonverbal communication has provided knowl-
edge useful for studies on human-robot interactions [6].
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For example, Michael Tomasello’s idea about cognitive
development was influenced by Grice’s cooperative prin-
ciple and Sperber and Wilson’s relevance theory [7, 8].

Human communication is fundamentally a cooperative
act. It is believed that, during the course of human evolu-
tion, individuals who could communicate with each other
in a collaborative, cooperative, and motivational way were
at the forefront of adaptation. Such theories naturally pro-
vide important knowledge reading communication design
for human-robot interactions. In addition, it is believed
that verbal communication began to be used after nonver-
bal communication [9]. Moreover, studies on cognitive
developmental robotics have proposed various methods
of cognitive developmental learning based on physicality
based communication [10]. Development in the form of
the mutual involvement of cognitive abilities, communi-
cation abilities, and physical exercise ability is consdered
to be important for human growth.

As described above, it is important to simultaneously
learn verbal information and nonverbal information in the
process of acquiring language during human cognitive de-
velopment. Behavior learning during cognitive develop-
ment can be broadly classified into social learning, which
is mediated by others, and self-learning by trial and error.
Furthermore, in social learning, unidirectional learning by
imitating others and bidirectional learning based on teach-
ing can be considered.

In this study, we aim to clarify the interdependent time-
dependent learning processes of physical exercise abil-
ity and communication ability in cognitive development
through interactive learning based on human teaching be-
tween humans and humanoid robots. The rest of this pa-
per is organized as follows. Section 2 describes the robot
partner system; Section 3 explains the proposed instructed
learning system for the robot partners; Section 4 describes
our methodology for dealing with human motion based on
a spiking neural network (SNN), a self-organizing map
(SOM), and a growing neural gas (GNG). Experimental
results with robot partners are shown in Section 6. Fi-
nally, Section 7 highlights some of the future directions
of our research.
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Fig. 1. Robot partner: iPhonoid-C.

2. Robot Partner System

Robots are going to become familiar in our daily
lives [11], especially in the service industry. Robots many
be one of the solutions to modern social problems due to
the shortage of labor. In general, robots in the current
market face various restrictions. Robots have not been
made widely available because of their limitations, such
as their high initial startup cost in term of hardware design
and software development. In order to overcome these is-
sues, we propose a robot partner using a modular structure
(Fig. 1 [12,13]). The proposed robot partner consists of
a smartphone, a body structure that can be fabricated us-
ing a 3D printer, a microcontroller, and several servo mo-
tors [14]. Each module can be designed and reproduced
on the spot. For example, users can create their own robot
partner by installing the proposed application into their
smart devices, then select the desired 3D design for the
robot’s body, and finally send the selected design to a 3D
printer for printing. The following sections describe the
architecture of the robot partner design.

2.1. Architecture of the Robot Partner

Robot partner prototypes have been developed for
different objectives and considering various improve-
ments [12]. Therefore, our robot partner was designed
to have a modular hardware structure as shown in Fig. 2.
The hardware of the robot can be printed by a 3D printer
with various degree of freedom (DOF) for gesture gen-
eration as shown in Fig. 1 (e.g., neck, arms, and waist).
These robot partners are equipped with several servo mo-
tors. Using this system structure, robot gestural gener-
ation can be realized. In addition, an Arduino micro-
controller board with Bluetooth capabilities is attached
to the body of the robot partner for controlling its servo
motors through an iOS device [15,16]. The robot part-
ner system has a modular structure to allow for a modu-
lar cognitive model [17]. Each module consists of four
main components for developing the essential functions
of the robot: hardware, low-level software library, elec-
tronic components, and high-level software library (i0S).
These four main components can be used to develop a
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Fig. 2. Modular structure of the proposed robot partner system.
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Fig. 3. Structure of the time dependent utterance system.

robot partner capable of performing tasks dictated by hu-
mans.

2.2. Conversation System

In this section, we explain the conversation modes
of the proposed robot partner. We developed a system
that focuses on time-dependent utterances for human-
robot conversation [18, 19]. The conversation modes can
be classified into four types, namely daily conversation
mode, contents conversation mode, information conver-
sation mode, and scenario conversation mode as shown in
Fig. 3.

In daily conversation mode, a conversation is carried
out based on the user’s daily lifestyle, which is extracted
from their daily lifelog. In content conversation mode,
a conversation is carried out using information from the
smartphone, such as the calendar and e-mail. In addition,
these conversations can serve as reminders according to
the user’s schedule. This mode partly overlaps with the
information conversation mode. In this mode, a conver-
sation is carried out based on news, the weather forecast,
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(B) Turn-taking Phase

Fig. 4. Instructed learning.

schedule management, and hobby information regarding
interesting topics for the elderly [20]. Lastly, in scenario
conversation mode, the system provides varied informa-
tion in a dialogue form for the elderly. In this mode,
conversation packages are prepared according to certain
purposes, such as “hotel receptionist support” or “elderly
care support.” In this paper, we analyze nonverbal com-
munication in the form of human gestures based on the
above-described robot conversation system.

3. Instructed Learning for Nonverbal Commu-
nication

Instructed learning is conducted for robot partners with
different levels of knowledge and skills [21]. Through in-
structed learning in human-robot interactions, the system
performs the symbolization of internal perceptions and
action information based on nonverbal communication
in a mutual cognitive environment. This study was also
aimed at elucidating the learning process of languageiza-
tion to prompt explicit externalization from a constitu-
tive point of view. Teaching motions considered include
object-motion operations, such as those performed with
building blocks and balls of different shapes and colors.

In order to develop an instructed learning system, we
divide the teaching phase into three phases, namely the
teaching phase for recreating target actions performed by
human teachers; the trial phase, in which the learner per-
forms a trial; and the turn-taking phase to switch between
these two phases, as shown in Fig. 4. Furthermore, for
each of these three phases, a clarification of the necessary
perceptual and action functions is presented in Table 1.
The learner’s (robot) instructed learning system is formu-
lated in consideration of the necessary functional configu-
ration described above. We developed a method to recog-
nize a target action, which is the functional configuration
required for the learner and extract the target action seg-
ment.

4. Recognition of Target Motion

In this section, we describe a target motion analysis
method using an SNN for robot motion recognition.
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4.1. Spiking Neural Network for the Recognition of
Motion Patterns

We employed an SNN for recognizing human motion
patterns [22]. An SNN is a type of neural network model
that focuses on internal potential neurons [23]. It mim-
ics the mechanisms of pulse propagation between nerve
cells in the human brain. SNNs artificially reproduce the
action potentials emitted by nerve cells, thereby creat-
ing an input and output of temporal pulses on the neu-
ral network. Because SNNs have a higher fidelity for
biomimetic simulations and better time series recognition
abilities than conventional neural networks, they are now
widely used for tasks such as speech and gesture recogni-
tion for robots [24].

In SNNG, the internal state (membrane potential) /;(7)
of the i-th neuron at discrete time 7 is described by the
following equation:

hi(t) = tanh(BX" () + B () + B (1)), . . . (D)

h?" (¢) is calculated as follows:

N
W) =" (= 1)+ Y wiipit=1), . ()
J=1

where " is the temporal discount rate of &; and w; ; is
the weight from the j-th neuron to the i-th neuron. To
prevent bursts of neuronal firings, the hyperbolic tangent
function was used, as shown in Eq. (1). When the inter-
nal state of the i-th neuron reaches a predefined threshold
level, a pulse is outputted as follows:

1 if h(r) > 6,
(1) = Y )
pilt) {0 otherwise, )

where 0 is the threshold for firing. In case of firing, R is
subtracted from the 2// (1) value of neuron i:

ref v/ W (1) ~R ifpit—1)=1,

otherwise,
4

where R > 0, Y/ is a discount rate of hfef, and 0 < y¢/ <
1. The coupling strength weight between neurons, w j;, is
updated based on learning using Hebb’s rule.

wji = Y wi 8" pi(t) - pit—=1) . . . (5)

h$(¢) represents external input. By setting A (r), it is
possible to learn using a SNN designed for specific pur-
poses.

The postsynaptic potential is the response of a postsy-
naptic neuron to a presynaptic action potential [23]. This
is illustrated in Fig. 5, where the j-th neuron is the presy-
naptic neuron (sender) and the i-th neuron is the postsy-
naptic neuron (receiver). The presynaptic spike output is
transmitted to the connected neuron through a weighted
connection (Fig. 5).
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Table 1. Required functional configuration of each phase.

Phase | Instructor

| Learner

Instruction phase

Sharing cognitive environment
Sharing learning target action

Recognition of target motion
Extract target action segmention
Virtual reproduction of target motion

Turn-taking phase

Handover of target object
Distribution of gaze

Nonverbal information extraction
Extract start / end information

Trial phase

Virtual replay of target action
Confirm target action

Reproduction by imitation
Instructor information extraction

hS™E(t)
Y hy(t—1)

(b) i+th neuron

(a) j-th neuron

Fig. 5. The structure of neurons in a apiking neural network.
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Fig. 6. Neuronal arrangement of the proposed SNN and
external input to neuron.

4.2. Motion Recognition Method

In the proposed system, human motion is detected us-
ing the coordinates of the hand on the 2D plane, which
are obtained via a Kinect sensor [25] as the external input
for the SNN. As shown in Fig. 6, neurons are arranged in
a two-dimensional plane. The input 4" (7) from the en-
vironment to the i-th neuron at a certain discrete time ¢ is
derived using the radial basis function (RBF).

i—G@)|?
hfxr([)_exp(w> B (V)

c; = (cx;,cy;) are the coordinates of the i-th neuron on the
image and o is the standard deviation. The time series of
the pulse output p;(z) is obtained from the coordinates of
the human hand: G(r) = (G.(¢),G,(t)),(t =1,2,...,T).
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5. Target Action Segmentation

There are both meaningless and meaningful move-
ments in the actions that humans perform in their daily
lives. Furthermore, meaningful actions are often under-
stood differently depending on the situation.

As shown in Section 4.1, it is possible to recognize
motions based on the neuronal firings of an SNN, which
match the trajectory of the hand position. However, SNNs
recognized not only meaningful actions, but also mean-
ingless ones. Therefore, even if a neuron actually fires,
it is difficult to judge whether the action is a meaningful
action or not. Consequently, after recognizing the human
action, the robot should judge the boundaries that deter-
mine the range of meaningful actions. Separating a series
of human actions and dividing them into multiple actions
is termed as “action segmentation.”

In the following sections, we present a brief introduc-
tion to SOMs and GNGs. Then, we describe action seg-
mentation based on these approaches.

5.1. Self Organizing Maps (SOM)

In order to perform data analysis, it is necessary to ex-
tract valuable information from the data. In order to use a
suitable clustering method for our research, it is necessary
to know the characteristics of the acquired data. However,
it is generally difficult to visualize multidimensional data,
especially those with four or more dimensions. Conse-
quently, SOMs are one of the most frequently used ap-
proaches for such data [26]. SOMs represent an unsu-
pervised learning technique that can perform topological
mapping in a lower dimensional space by using a refer-
ence vector on a multidimensional space. In addition,
SOMs have the advantage that they can easily be applied
to various kinds of problems by determinings the number
of nodes and the neighborhood structure.

When a SOM is given an input vector, the node that
is closest to the input vector in terms of Euclidean dis-
tance is selected as the winning node. Then, learning is
performed by updating the reference vector w so that the
winner node and its surrounding nodes approach the input
vector v. The update process for the reference vector w is
as follows:

2

w<—w+exp<—(ldl%£)>-(v—w) N ()]

t
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Fig. 7. Calculation of the direction vector.

dis represents the distance between the reference vector
and the winner node, ¢ represents the current number of
learning instances, and T represents the previous number
of learning instances. This process approaches the input
vector v according to the distance between two nodes and
the current number of learning instances.

5.2. Growing Neural Gas (GNG)

SOMs offer the advantage that they can relatively eas-
ily be applied to various kinds of problems by determin-
ing the number of nodes and the neighborhood structure.
However, it should be noted that it is difficult to select an
appropriate number of nodes and the neighborhood struc-
tures for unknown data. Moreover, although there are rep-
resentative methods of unsupervised classification, such
as the K-means algorithms [27], it is necessary to select
the number of clusters beforehand. GNGs represent an
unsupervised classification method that solves these prob-
lems [28]. A GNG starts learning using a minimum num-
ber of nodes, and then adds/deletes connections between
its nodes according to the structure of the input data and
performs unsupervised classification. Therefore, a GNG
is a self-organizing incremental neural network that can
operate using unknown data.

In this study, we used a multi-layer GNG (MLGNG)
that can perform hierarchical clustering. In the proposed
model, a GNG at a higher level repeatedly clusters the
output from a GNG at a lower level. This makes it possi-
ble to perform clustering for unknown data with different
the phase composition granularities.

5.3. Action Segmentation Method

Human actions are detected using an SNN, as men-
tioned in Sections 4.1 and 4.2. Using Hebb’s learning
rules, the SNN can memorize the temporal firing patterns
of various actions via neurons associated to the trajectory
of the observed human hands. The firing patterns of the
SNN are shown in Fig. 7. The coordinates of the neuron
with the maximum internal potential are used to calculate
the direction of vector v; from the i-th neuron at time ¢ to
the j-th neuron at time ¢ — 1. Furthermore, the transition
probability p,; from the other direction vector v, to the
direction vector v; is computed.

It is assumed that the obtained direction vector consists
of one operation for three units of time, and thus the input
vector V to the SOM can be determined.

V:(v,-,vj,vk).............(8)
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Fig. 8. Clustering using GNG.
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Fig. 9. Extraction of an action pattern via the transition of
direction vectors.

The clustering of direction vectors via GNG is per-
formed using the calculated direction vectors as inputs
(Fig. 8). Similar directional vectors can be grouped as one
cluster, and continuous motion can be represented by the
transition of direction vectors (Fig. 9). In fact, there are
no physical breaks between consecutive actions, and thus
the system must find meaningful actions in consecutive
actions. The cues for finding meaningful actions are the
transition probabilities and frequent patterns between ac-
tions. Therefore, by extracting the same action pattern us-
ing the clustering results of the direction vector obtained
via the GNG, actions can be obtained.

6. Experiments

An experiment was conducted using a robot partner and
several volunteering candidates for evaluating the perfor-
mance of the proposed learning system through nonver-
bal communication. The participants in the experiments
were asked to perform several specified actions in a way
in which they could interact with the robot partner for
us to determine if the system was able to recognize the
performed actions. Because the recognition of the SNN
was performed on a two-dimensional plane obtained from
a camera image, we instructed the participant to oper-
ate while taking this into consideration consciousness as
much as possible.

For this experiment, we used a Kinect sensor to ac-
quire the trajectory of fingers and feed the data into the
learning system to assess the proposed nonverbal com-
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munication learning method. Using the coordinates of the
imaged hand as input, motion recognition was performed
with the aforementioned SNN. Clustering was performed
via the GNG using the direction vector obtained from the
recognition results of the SNN. The number of neurons
in the SNN was 100, and the setup was placed on a two-
dimensional plane with a size of 10 x 10.

The hand actions performed by the participants con-
sisted in drawing three different patterns, namely a circle,
a square, and a triangle, as shown in Fig. 10. The learn-
ing system would then classify the hand motion using the
clustering results of the GNG.

A conceptual diagram of the proposed system is illus-
trated in Fig. 11. The data obtained with the Kinect sen-
sor is used by the robot, which responds according to the
learning results obtained from the control PC. The robot is
used as a target for communication and the Kinect sensor
is deployed behind the robot. Therefore, simulating in-
teraction with robots, human can make gestures. Fig. 12
shows the setup of the experiment.

The motions were performed by the participants over
the course of two minutes; these motions consisted of four
times circle, two times square, and two times triangle. The
neuron firing patterns for each type of motion are shown
in Fig. 13. Fig. 13 also shows the results for action recog-
nition of the SNN using the hand position coordinates ob-
tained via the Kinect sensor.

As shown in Fig. 13, it can be confirmed that neuron
firings occur along the trajectory of the hand, and in Ta-
ble 2, the recognition rate achieved was 75%. This shows
that the system it is able to recognize multiple action using
the SNN. Fig. 14 shows the results of clustering obtained
via the GNG, with the direction vector calculated using
the internal potential of the SNN as an input.
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Fig. 13. Action recognition results obtained via the SNN.

Table 2. Required functional configuration of each phase.

| Move Pattern ‘ number ‘ correct recognition |

Circle 4 3
Square 2 1
Triangle 2 2

In Fig. 14, nodes are represented as direction vectors in
a circle, and the connections in the GNG are represented
by black lines. The human action pattern is extracted ac-
cordingly from the clustering results of the GNG. Series
of actions, including the taught motions perfomed by hu-
mans are represented by transitions of the direction vector.
The results after extracting the transition patterns from the
direction vectors as shown in Fig. 15, representing circles,
triangles, and squares.

From Fig. 15, circular, triangular, and square trajecto-
ries ca be seen. These represent the transitions of the di-
rection vector obtained via clustering using the GNG.
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Fig. 14. Clustering results for the direction vector obtained
via the GNG.
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Fig. 15. Clustering results for the action patterns.

7. Conclusions

In this paper, we proposed an instructed learning
method for target actions using a nonverbal communica-
tion system to realize language acquisition, enabled by
instructed learning and target action segmentation. Using
a GNG, we can estimate the trajectory of hand motion in
a finite number of directions.

We showed that an action can be obtained from the
transition patterns and frequent patterns of the direction
vector by expressing series of actions as a sequence of
direction vectors using the classification results. Be-
cause we performed experiments with neurons placed in a
10 x 10 grid, we consider that it will be possible to obtain
more precise results by increasing the number of neurons
in the arrangement, thus raising the resolution for recog-
nition. In future works, we will first improve the proposed
system for actual interactions with a robot partner. In
Fig. 15, there are multiple action patterns shown that are
similar to the human actions detected using the proposed
method. For example, we will extend the system to re-
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ject preserved acquired actions through interactions with
the robot. Secondly, we will also consider building other
learning structures, such as forgetting, to manage other
similar operations via human gestures. Thirdly, we will
increase the number of motion patterns for learning and
recognition and assess the acquisition of actions when the
number of clusters of direction vectors increases. More-
over, we will implement a labeling system for acquiring
the meaning of words. Then, we will establish a method
for attaching language labels to the gestures obtained via
the proposed method. Finally, we will extend the system
to recognize spatial action by expanding the arrangement
of neurons to three-dimensional space.
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