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Abstract— Whole-body gestures and verbal expressions
should be bound according to given tasks and the current
situation in intelligent human-robot interaction systems. Moreover, modification of expressions, such as emphasis of motions
and change in verbal expressions, plays an important roll
for successfully completing tasks according to user reaction.
Slight differences in motions can be conveyed by binding an
emphasized motions and an verbal expression. In robotics,
however, even though the synthesis of gestures and speech
has been discussed, how to bind synthesized emphatic motions
and verbal expressions from an engineering point of view
has not been adequately discussed. Synthesis of motion and
speech requires recognition of user reaction, we therefor should
integrate 1) recognizing reaction, 2) planning to complete tasks,
3) modification of motions and speech, and 4) maintaining
a bi-directional interaction loop consisting of processes 1)–3).
Thus, using a phase space, we propose a method for binding
emphatic motions and adverbial expressions, and for evaluating
and controlling these four required processes by using a sole
scalar parameter. In the phase space, variety of motion patterns
and verbal expressions can be expressed as static points. To
evaluate the feasibility of the proposed method, we also propose
a bi-directional motion coaching system using the method. We
show the feasibility and effectiveness of robotic motion coaching
systems through experiments of actual sport coaching tasks for
beginners. From the results of participants’ improvements in
motion learning, we discuss and conclude the factors affecting
such motion coaching systems that realizes binding and controlling emphatic motions and adverbial expressions using a
sole scalar parameter in a phase space.

I. INTRODUCTION
In developing effective and intelligent human-robot interaction systems, whole-body gestures and verbal expressions
should be strongly connected according to given tasks and
the current situation. Additionally, not only fixed expressions
but also modification of expressions, such as emphasis of
motions and change in speech words, is also an important
function for successfully completing tasks according to user
reaction. Analysis of the connection between gestures and
speech is often discussed in psychology; however, synthesis
and emphasis of gestures and speech from an engineering
point of view has not been adequately discussed. Since
synthesis of motion and speech also requires recognition
of the current situation, such as user reaction, we therefore
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should integrate 1) recognizing reaction, 2) planning to
complete tasks, 3) synthesizing and emphasizing motions and
speech, and 4) maintaining a bi-directional interaction loop
consisting of processes 1)–3).
In this paper, we focus on a robotic system that coaches
humans in performing certain motions in order to address
the above issues. The robotic coaching system should include all four above-mentioned processes. 1) recognizing
reaction: a robot should evaluate a human motion and analyze
similarities and differences between that motion and the
coached target motion. 2) planning to complete tasks: the
robot should allow the human to perform a better motion
based on feedback consisting of properly bound motion and
speech expressions. 3) synthesizing and emphasizing both
motion and speech: the robot should modify and emphasize
motion demonstrations and speech expressions, based on
the results of process 1) analysis. 4) The robot repeats the
above three processes to maintain a continuous loop of bidirectional interaction for improving motion learning.
Fasola and Mataric developed a robot instructor for the
elderly [1]. The robot establishes a loop of interaction by
combining motion patterns and verbal expressions. However,
it does not synthesize emphatic motions based on feedback
of a person’s imitations. We believe that this feedback is
important because providing feedback not only with verbal
expressions but also with emphatic motions would be effective in motion learning interaction for humans.
On the other hand, there have been many studies related
to synthesis of motions in computer graphics [2][3][4][5].
However, how to synthesize motions are subjectively determined by designers, and how to bind motions and verbal
expressions has not considered.
With regard to research on the binding of motion patterns
and verbal expressions in imitation learning frameworks, the
method by Iwahashi [6] realizes binding a verbal expression
to several similar but different motion patterns. Similarly,
stochastic binding method by Takano and Nakamura [7]
realizes generation of a motion pattern from a sentence and
of a sentence from several similar motion patterns. However,
they did not discuss how their methods could be used
for binding several different but similar motion patterns to
different verbal expressions, which explain slight difference
in the motions.
We believe a common problem not being considered in
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process of the P SS from D. The distances between protosymbols in the space are calculated using the Bhattacharyya
Distance[10] between CHM M s that correspond to the similarities of motor patterns.
Similarly, motion patterns are recognized by first abstracting motion patterns to the CHM M s using the Baum-Welch
algorithm then calculating the Bhattacharyya Distance [10]
between CHM M s. As a result, a motion pattern can be
recognized as a static point x in the P SS,

the above related work is that the four required processes
are separated. Since each process is complex, we propose a
simple framework to integrate these processes by using a sole
scalar parameter to connect them. In motion coaching tasks,
considerable factors, such as the similarity of performed
motions, degree of emphasis of motion, and variety of verbal
expression using adverbial expressions for feedback, can be
evaluated using such a scalar parameter.
The objective of this paper is to propose a method for
binding motion patterns and verbal expressions, and for
evaluating and controlling these above-mentioned factors
using a sole scalar parameter in a phase space. Furthermore,
we show the feasibility and effectiveness of robotics motion
coaching systems based on the proposed method through
experiments of actual coaching of a tennis forehand swing
for beginners.
In Section II, we explain our method using a scalar
parameter. In Section III, we explain the framework of
robotic motion coaching systems. In Section IV, we show
experimental results. Finally, we discuss the results and
conclude factors affecting motion coaching systems.

For synthesizing output probability bi (O), we use a single
Gaussian model for the output such that an intuitive synthesis
of joint angle vectors can be achieved by using the mean and
variance vectors of a Gaussian distribution. With the mean
and variance vectors and by using the Monte Carlo method,
the motion pattern is generated [8]. A function for generating
sensorimotor patterns form x, Fgen is defined as

II. M ETHOD

O = Fgen (x)

In this section, we explain a method how to bind motions
and expressions and how to control synthesis of emphatic
motions. For this purpose, we applied the mimesis model
[8][9]. It is because the mimesis model can be used for
binding the motions and expressions, for controlling the
motions and the expressions, and for integrating the four
above-mentioned processes using a sole parameter in a phase
space.

Instead of directly interpolating/extrapolating both aij and
bi (O) for synthesizing motion patterns, (1) the state transition probabilities and the output probabilities are separately
operated upon, and (2) the state transition matrices are
calculated in a different domain, i.e., the time domain (for
more detail, please refer to [9]).
A function for synthesizing an internal/external dividing
point xs , which corresponds to an interpolated/extrapolated
novel motion pattern, from static points xi , xj is represented
as
xs = ci xi + cj xj ,
(3)

A. Motion Recognition
We applied the mimesis model to recognize motion patterns [8]. It abstracts motion patterns M = [θ[0]θ[1] · · · θ[t]],
which is a matrix, where θ[t] = [θ1 [t] · · · θi [t] · · · θn [t]]T is
a vector of time series joint angle, of humans and humanoid
robots, where i is a index of a joint. The abstracted representations called proto-symbols are calculated using left-toright continuous Hidden Markov Model (CHM M ), which
consist of a set of parameters λ = {Q, A, B}, where
Q = {q1 , ..., qN } is a finite set of states, A = {aij } is a state
transition probability matrix from qi to qj , and B = {bi } is
a vector of output probabilities of O[t], at qi , corresponding
to joint angle vector θ[t] at a discrete time t. Assuming a
left-to-right model, the set {aij , bi } determines the behavior
of the stochastic process proto-symbols. A geometric space
called proto-symbol space (P SS) is defined to express the
relationship of the proto-symbols as distances among static
points x in the space. When a set of motor patterns M
is defined as M = O and a database of motor patterns
is defined as D = {O 1 , O 2 }, the P SS is represented by
P = Fbuild (D) (P = {x1 , x2 }, where x is a coordinate of
a static point in the P SS), where Fbuild is a construction

x = Frecog (O).

(1)

(for more detail, please refer to [8])
B. Synthesis of Emphatic Motions

(2)

where ci and cj are coefficients for internal/external dividing
point. To generate synthesized emphatic motion O s , Eq. (2)
was used as O s = Fgen (xs ).
C. Proposed Method, Controlling Emphatic Motions with
Sole Scalar Parameter
With one parameter, α, it is possible to control both the
degree of emphasis of synthesized motion and choice of
adverbial expression. We defined α by applying Eq. (3),
xs = xp + α(xt − xp ),

(4)

where α is a weight coefficient for extrapolation, xt and
xp are static points in the P SS corresponding to motions
O t and O p , respectively. It is defined that 1.0 ≤ α ≤ 2.5,
and when α = 1.0 the synthesized motion xs is identical
to the imitation target motion xt . When α is negative,
missing elements are emphasized instead of complimenting
the missing elements as in this paper. As depicted in Fig. 1,
α corresponds to the degree of emphasis of the synthesized
motion.
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Fig. 1. Example of relationship between weight coefficient α and synthesized emphatic motion. (a): a motion imitated by a beginner player xp , (b): the
imitation target motion demonstrated by the coach xt , (c): a synthesized emphatic motion xs with α = 2.0
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Flow of motion coaching

III. F RAMEWORK OF M OTION C OACHING S YSTEM
A. Coaching Flow
First, database D = {θ t , θ p }, which consists of one
imitation target motion pattern θ t and one motion pattern
performed by a player θ p , is prepared. Then, Proto-symbol
Space (PSS), denoted as P , is built using D with the Fbuild
process. Let us define the static point xt in the P as that
corresponding to the imitation target motion θ t .
As depicted in Fig. 2, the motion coaching task is executed
as follows.
1) The coach (an agent in a virtual environment in this
paper) demonstrates motion pattern θ c as the imitation
target motion. Using the generation function Fgen (Eq.
(2)), θ c is generated from xt in the initial trial, and
from xs synthesized in step 5), in later trials.
2) The human player imitates θ c .
3) The coach observes the player’s imitated motion pattern θ p and converts it to a static point xp in the P ,
using recognize function Frecog (Eq. (1)).
4) If xp is not close to xt , then it is interpreted that
the player’s imitated motion is imperfect. The coach
calculates the missing components in the imperfect
imitation of the player by xt − xp .
5) The coach calculates the external dividing point xs by
adding the missing components (xt − xp ) to xp , using
Eq. (4). The xs is used as a re-demonstration motion
pattern θ c for the next trial.

Example outputs of the coaching system are depicted in
Fig. 1-(c). Figure 1-(b) shows the imitation target motion
xt demonstrated by the coach. The objective of the player
is to imitate this motion as close to the target motion as
possible. Figure 1-(a) shows the observed motion pattern
imitated by the player xp . As can be seen, the imitation
is not perfect. For example, the trajectory of the left arm
is not the same as in xt . Figure 1-(c) shows an emphatic
motion synthesized using the proposing method. Not only
the left arm has been considered as a missing elements and
emphasized but also the degree at which the right knee bent
and that at which the upper body bent forward were taken
into consideration for emphatic motion and synthesized,
using the system according to the proposed method. As a
result, the synthesized motion seems to be fairly reasonable.
In addition, this shows the feasibility of the mimesis model
in qualitatively extrapolating/interpolating motions for realworld application, which has never been discussed before.
In the next section, quantitative evaluation of the coaching
system and controlling emphatic motion and adverbial expressions using a sole scalar parameter is discussed with
experiments of an actual sports coaching task.
IV. E XPERIMENTS
We conducted a series of experiments in which a forehand
tennis swing was coached to male beginning tennis player
by a robotic system. The proposed method and the flow of
the coaching system explained in the previous section were
used with the following procedure.
A. Common Conditions

3383

•

•
•
•

The coaching agent demonstrates motion pattern xt ,
shown in Fig. 1-(b), as the imitation target motion and
is displayed on a wall.
The given instruction is ”please imitate this”.
The view point of the imitation target motion is fixed
and always from the front.
Motions θ consists of 17 joints, each with DoF of 3.

•
•

$YJ,PLWDWLRQ(UURUDJDLQVWȘ

The number of elements in database D, which were
used for building the P is 2. In other words, only the
imitation target motion θ t and subject’s imitated motion
θ p were used; D = {θ t , θ p }.
Five swings are used to abstract each player’s swing to
an HM M for each trial.
Each trial is executed at five minutes intervals.

FDVH E
LPLWDWLRQHUURU GO

•

B. Experiment 1
In experiment 1, we tested 11 participants for learning how
different α would affect motion learning. The emphatic motions with different α = {1.25, 1.50, 1.75, 2.00, 2.25, 2.50}
were synthesized and shown to the participants. We considered two cases, Case (a): without adverbial expression and
Case (b): with adverbial expression ”more”.

FDVH D

C. Results for Experiment 1

Ș

Distance was introduced to evaluate the results.
Fig. 3.

dil = kxt −

xil
p k,

(5)

where i is an ID number of a participant, l is the trial
number and it is l = {1, 2, 3, 4} for this paper. Therefore,
xil
p corresponds to the performance of participant i in trial l.
This means that the smaller the dil , the better the imitation.
When dil = 0, the imitation is perfectly identical. Thus,
dil corresponds to an imitation error of participant ID i in
trial l. To reduce possible errors in the evaluation results
that could be caused by the difference in frame number
of the evaluated motions, we used motion clips that had a
similar frame number, at most a 20% difference. The average
distance of dil in trial l was also introduced as
Pm
dil
(6)
d¯l = i=1 ,
m

Results of experiment 1: Imitation error d¯l in Eq. (6)

against different values of αs (d¯l adjusted so that maximum
value of each participant would be 200)

•

•

•

where m is the number of participants (m = 11 for
experiment 1).
As shown in Fig. 3, it is reasonable to assume that α = 2.0
would provide the best result for motion learning in both
cases. Thus, in experiment 2, α = 2.0 was used.

Case 2:
The agent coached using motions with α = 1.0 and
adverbial expression ”more”.
Case 3:
The agent re-demonstrated with emphatic motion patterns xs synthesized using the proposed method, i.e., the
agent coached using motions with α = 2.0 and with no
adverbial expression.
Case 4:
The agent coached using emphatic motions with α =
2.0 and adverbial expression ”more”.
TABLE I
C ASES IN E XPERIMENT 2
without ”more”
with ”more”

α = 1.0
Case 1
Case 2

α = 2.0
Case 3
Case 4

D. Experiment 2
In experiment 2, four different cases were tested to evaluate the proposed method.
• The number of participants was 13.
• The order of conducting each experimental cases was
randomly shuffled for each participants.
• The adverbial expression, ”more like this” was introduced.
• Four experimental cases were introduced to evaluate how
the emphatic motion and adverbial expression contributed to
motion learning. The cases are also summarized in Table I.
•

Case 1:
The coaching agent repeated only demonstrating the
target motion θ t , i.e., it coached using motions with
α = 1.0 and with no adverbial expression.

E. Results of Experiment 2
To evaluate the results of experiment 2, the following measures were introduced. The average error ratio in imitation
at trial l was:
P
R̄l =

m dil
i=1 di1

m

(7)

If the imitation error is smaller than the initial trial in the
same case, R̄l will be less than 1.0. If the imitation error
is larger than the initial trial in the same case, R̄l will be
larger than 1.0. When imitation is perfect, R̄l = 0.0. The di1
would not be zero in practice because di1 = 0 means perfect
imitation of the target motion and it would not happen.
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TABLE III
Ș 

C ASES IN E XPERIMENT 3



without ”more”
with ”more”

α = 1.0
Case 1
Case 2

optimized α
Case 5
Case 6

,PLWDWLRQ(UURUYVȘ SDUWLFLSDQW$DQG%

SDUWLFLSDQW$&DVH E

,PLWDWLRQ(UURU GLO

SDUWLFLSDQW$FDVH D

7ULDO O

Fig. 4.
Eq. (7)

Results of experiment 2: Average ratio of imitation error: R̄l in

ONE - TAILED

TABLE II
T- TEST WITH R̄l AT 4TH TRAIL , l = 4, IN E Q . (7)

EXPERIMENT

SDUWLFLSDQW%&DVH D

FOR

2. [ NOTE : **(p < 0.01), * (p < 0.05), + (p < 0.10)]

Case 1 vs. 2
0.00091∗∗

Case 1 vs. 3
0.0000079∗∗

Case 2 vs. 4
0.061+

SDUWLFLSDQW%&DVH E

Case 3 vs. 4
0.48

Ș

From Fig. 4 and Table II, it would be safe to say that
emphatic motions contributed somewhat to improving the
motion learning of the participants. In particular, comparison
between Cases 1 and 2, and between 1 and 3 eliminates
possibility of improvement by the repeated watching of
several demonstrations. However, we were not able to confirm if the adverbial expression contributed to improving
motion learning or not. This is because significant difference
0.05 < p < 0.10 was found between Cases 2 and 4, but no
significant difference p > 0.10 was found between Cases 3
and 4.
F. Experiment 3
To investigate the contribution of emphatic motions and
adverbial expressions to improving motion learning, we
conducted additional experiments as Cases 5 and 6 with 11
out of the 13 participants in experiment 2.
• Case 5:
The agent coached using motions with optimized α and
no adverbial expression.
• Case 6:
The agent coached using motions with optimized α and
adverbial expression ”more”.
In Case 5 and 6, optimized α was used for each participant,
as summarized in Table III, because the best α may be
different from the average for some participants, as shown
in Fig. 5. For example, participant-A had optimized-α =

Fig. 5. example of individual imitation error against different values of α
(participants-A and -B): dil in Eq. (5)

1.5 for Case (a) and optimized-α = 2.0 for Case (b).
Similarly, participant-B had optimized-α = 2.5 for Case (a)
and optimized-α = 2.25 for Case (b). The same method
was applied to determine optimized α for the rest of the
participants.
G. Results of Experiment 3
From the results in Fig. 6 and Table IV, we conclude that
emphatic motions contribute to motion learning because we
found a significant difference with p < 0.05 between Case
2 and 6. However, we could not conclude whether adverbial
expressions contribute to motion learning or not since there
was no significant difference found, p > 0.10, between Case
5 and 6.
TABLE IV
T- TEST WITH R̄l (E Q . 7) IN 4TH TRIAL , l = 4, FOR
EXPERIMENT 3. [ NOTE **(p < 0.01), *(p < 0.05), +(p < 0.10)]
ONE - TAILED

Case 1 vs. 5
0.0000062∗∗

Case 2 vs. 6
0.033∗

Case 5 vs. 6
0.27

V. C ONCLUSION AND D ISCUSSION
We proposed a method to realize binding motions and
expressions and controlling emphatic motions and adverbial
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Fig. 6. Results of experiment 3: average ratio of imitation error, R̄l in Eq.
(7), with optimized α for each participant

expressions using a sole scalar parameter in a phase space
by applying the mimesis model. Using the proposed method,
a robotic motion coaching systems was also proposed –
(1) to evaluate the similarity between performed motions,
(2) to control the binding method of emphatic motions and
adverbial expressions, (3) to control the degree of emphasis
of synthesized motions, and (4) to maintaining a continuous
loop of bi-directional interaction.
We showed the feasibility and effectiveness of robotic
motion coaching systems through experiments of a tennis
forehand swing coaching task for beginners. From the results
of players’ improvement in motion learning, we confirmed
that the proposed method is beneficial for robotic systems for
having effective interaction with humans by using wholebody gestures and verbal expressions, and therefore, we
confirmed the feasibility of the proposed method for binding
and controlling emphatic motions and adverbial expressions
using a sole scalar parameter in a phase space. Specifically,
we confirmed that emphatic motion, not repetition of observing similar motions, is an effective factor. However, even
though we were able to confirm that adverbial expressions
seemed to have a positive relation to the improvement of
motion learning, we were not able to confirm whether it is
an effective factor.
To investigate the effect of the adverbial expression to
improving motion learning, we plan to enrich the adverbial
expressions. The adverbial expression used for this paper
is to show the feasibility of the proposed framework as a
first step, and therefore it was fixed to a simple expression,
”more like this”. For future work, we plan to conduct
experiments introducing several adverbial expressions chosen
according to the value of α. For example, use of the adverbial
expressions ”a bit more” when 1.0 ≤ α<1.5, ”more” when
1.5 ≤ α<2.0, and ”much more” when 2.0 ≤ α<2.5.

Other methods can synthesize emphatic motions, but there
is a strong benefit with the proposed method by applying
the mimesis model. With the mimesis model, for example, it
would be possible to instruct by taking into account the tendencies of players, such as “Please, swing not like jumping,
but more like squatting”, instead of the current simple verbal
expression “more like this”. For this research, we focused on
the feasibility of the proposed method; therefore, a simple
verbal expression was used. The technical basis to achieve
such motion synthesis by using natural expressions is that
the mimesis model can convert high dimensional complex
real-world property to static points in low dimensional space,
P SS, and can convert back from the static points to the high
dimensional property, such as motion patterns. If motions,
such as ”jump” and ”squat”, can be labeled, then the natural
expression could be converted into external/internal division
of proto-symbols in the P SS; then it corresponds to proper
extrapolation/interpolation of motion patterns in the highdimensional space. This means that the P SS can be used as
the bridge between natural expression and motion synthesis.
This is the most important reason the mimesis model was
used.
We only used joint angles as O: however, O can be
extended to deal with sensory patterns S = [s[0]s[1] · · · s[t]],
where s are time series data. That is, O = [M T , S T ]T .
This way, we believe that systematic binding of sensorimotor
patterns and more complex verbal expressions that refer to
sensory patterns can be achieved.
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