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Abstract

It is needed for humanoid to acquire not only just
a trajectory but also aim of the behavior and sym-
bolic information during behavior development.
We have proposed the mimesis system as a frame-
work of synchronous learning model for behav-
tor acquisition and symbol emergence. However,
the motion elements which are fundamental rep-
resentation of behavior have stood on the unsuit-
able assumption that they are given without taking
robols’ embodiment and dynamics into considera-
tion. In this paper, the design theory of motion el-
ements with consideration of the embodiment are
shown, and novel methods of realization of the
mimesis for real humanoids is proposed.

1 Introduction

It is a major challenge of contemporary robotics
to study robotic behaviors and intelligence in the
full scale of complexity mutually sharing research
outcomes and hypotheses with human behavioral
science and human intelligence.

The discovery of mirror neurons[1] has been a
notable topic of the brain science. The neurons in
the brain of a primate fire when the other’s partic-
ular behavior is observed as well as when the same
behavior is performed by himself. The fact sug-
gests that the behavioral cognition process and
behavioral performance process are tightly cou-
pled. Tt may even leads to the hypothesis that
they appear as results of a single process of in-
formation processing. If they do, the information
process, to the authors’ point of view, would be
a source of proto-symbol that is well grounded to
the physical world and embodied using his own
body.

It is also known that a newborn infant im-
mediately starts communication with his mother
by imitating her performance, and develops the
skill of communication and performance. It
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suggests the relationship between the symbols
for communication and the behavioral acquisi-
tion through imitation and communication. T.
Deacon[2] pointed out that the language as com-
munication using symbols and the brain are co-
evolved. M. Donald[3] claims that symbol manip-
ulation and communication using symbols are the
origin of the mind.

The study of mechanism of information pro-
cessing for behavioral cognition and behavioral
performance may be an entrance to the synthesis
of human-like intelligence and the brain-like infor-
mation processing. The acquisition process using
the mechanism has already been a field of robotics
study known as imitation learning[4][5][6]. We
would like to term the whole process of the in-
formation processing of behavioral cognition and
performance, and the acquisition of behavioral
performances and the associated symbols, as the
principle of mimesis.
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Figure 1: Overview of the mimesis system



We have proposed the mimesis system for re-
alizing the function of mimesis in an engineer-
ing point of view[7][8]. This system is based on
IIMMs, recognizes and generates time series data,
and emerges symbol expression called primitive
symbol. However, in this system, motion elements
for expressing whole body behavior was before-
hand given by the developer, and they are not
changed. In this paper, we flexibly reconstruct
the motion element to be suitable for the kind
of observed behavior and a robot’s embodiment.
In order to realize the upper things, we propose
a new design theory through two techniques, in-
troduction of the mathematical technique called
mixture Gaussian HMMs, and evaluation of the
achievement condition of the purpose of behav-
ior.

2 Acquisition and Embodiment
of Motion Elements

2.1 Outline of mimesis loop

We have propose a framework which can abstract
whole body motion into certain symbols, generate
motion patterns from the symbols, and recognize
total behavior. The framework is referred to as
mimesis-loop with the concept of the mimesis, as
shown in Fig.1.

The mimesis system consists of two phases. In
the first half, observed motions are transformed
into sequence of motion elements (Step 1,2), and
symbol representation is generated from the se-
quence (Step 3). We call the representation as
proto-symbols because that can be regarded as
primitive symbol representation comparing with
tight symbol representation like languages. In the
latter half, sequences of motion elements is de-
coded and reproduced from proto-symbols (Step
4). After that, each motion elements are inte-
grated (Step 5) and transformed into natural mo-
tion representation with consideration of dynam-
ics conditions (Step 6)[9].

We have proposed a mathematical framework
for the integration of motion abstraction and mo-
tion embodiment using by Hidden Markov Mod-
els (HMMs)[10]. The tight connection between
motion perception (abstraction) and motion gen-
eration (reproduction) can be regarded as a com-
putational model of the mirror neurons.
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Figure 2: Motion Sequence and Hidden Markov
Models

2.2 HMDMs and proto-symbols

HMDMs take time series data as input, and output
probabilities that the data would be generated by
the HMM. This probability is referred to as likeli-
hood, which is key parameter for both recognition
of others’ behavior and generation of self-motion.
In this paper, we use two kinds of HMMs, dis-
crete HMMs and continunous HMMs. First, dis-
crete HMMs (DHMMs) are explained in order to
introduce continuous HMMs (CHMMs). DHMMs
have state transition model which cannot be ob-
served. Each transition process output a certain
symbol probabilistically, thus a sequence of sym-
bols is output from the series of the transition as
shown in Fig.2. The characteristics of DHMMs is
represented by three parameters as follows:

1. A = {a;;} is a states transition matrix.
a;; indicates a probability of transition from
state ¢; to state g;.

. B = {b;j} is a output probability matrix. b;;
indicates a probability of output symbol o;
from state ¢;.

. 7 is a vector of probability for initial state
distribution .

The HMMs, namely above three parameters,
can represents the background dynamics of mo-
tion sequences

(1)

by means of the combination of the each motion
element e to each output symbol o, where T is
time period of the motion sequence. Therefore,
we have defined the proto-symbol Pg as follows.

(2)

O = {04(1), Ok(2), - - - > Ok(T) }

P A, B, 7}



The three parameters are learned based on the
criterion that the likelihood value P(O|{A, B, 7})
ought to be the highest value where the O is the
observed sequential symbols. DHMMs can calcu-
late the probability that a sequential symbol O
is generated by the set of {A, B, 7}, which is re-
ferred to likelihood value P(O|{A, B, 7}), which
is used in the motion recognition process.

2.3 Weak points of the previous system
and methods of refine it

We had faced several problems on the proposed
mimesis system [7][8] as followings:

1. There is no exact principle how to design the
motion elements. In previous works, static
and limited motion elements had been em-
bedded by the developer beforehand. It is
necessary for the mimesis system to develop
the motion elements in order to be suitable
for imitation learning from observation expe-
rience.

. Physical condition of the motion had not
been taken into consideration. As physical
characteristic of learner and demonstrator is
different, therefore, the observer cannot re-
produce the same motion. The motion el-
ements have to be suitable for both recog-
nition of other’s motion and embodiment of
humanoids.

. The motion elements were correspond to each
joint. Thus the number of motion elements
becomes no less than the number of DOF's
in order to represent the whole body motion.
it causes the complexity of symbol represen-
tation. Furthermore, the motion elements
should represent correlation information be-
tween each joint.

Because of the above-mentioned reason, we pro-
pose a new method for acquisition of motion ele-
ments with two characteristics; a) use of continu-
ous HMMs and b) modification of elements during
observation and generation loop. The approach a)
enables the system to avoid the problems 1) and
2). On the other hand the approach b) enables
the system to avoid the problem 2) and 3).

To make motion elements with consideration
of humanoid embodiment, we modify motion el-
ements based on evaluations of reproduced hu-
manoid’s behavior. This process correspond to
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Step7 of Fig.1. By the repetition of these pro-
cesses, motion elements are involved with consid-
eration of humanoid embodiment. The detail of
two methods are mentioned in Chapter 3 and 4
respectively.
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Figure 3: Outline of continuous Hidden Markov
Models
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Figure 4: Concept of combination of motion ele-
ments. (In case that degree of freedom is two.)

3 Motion Elements Develop-
ment using CHMMS

3.1 Continuous Mixture Hidden

Markov Models (CHMMs)

We introduce continuous HMMs which is a kind
of HMMs which can treat continuous data. The
difference between DHMMs and CHMMSs is that
the transition process outputs continuous vectors
as shown in Fig.3. Therefore, output probability
matrix B becomes probability density functions



in CHMMs. Here, the density function is approx-
imated with linear combination of Gaussian func-
tions in order to make the density function simple.

Pi(o) =Y ¢ijGij (S, 1) (3)
i1

Where P;(o0) is probability density function for ¢-
th state node to output the continuous vector o,
G(%, 4, 0) is the Gaussian function:

G(o) = ({0~ ) S5 (o = )

(2m)P[Zix
(4)

¥ is the covariance matrix of continuous vector,

1 is the mean of continuous vector, m is the num-
ber of mixture Gaussian functions, ¢;; is mixture
coeflicient, and I’ is the number of dimension of
continuous vector o.

The only different point from DHMMSs is that
the learning target changes to {m, A,c,%, u}.
These parameters are calculated using Baum-
Welch algorithm which is one of EM-algorithm.

3.2 Applying CHMMs to mimesis sys-
tem

Here, we divide the parameters, then redefine the
proto-symbols and motion elements as follows.

P, def {A,m,c} (5)

{24, i} (6)

In other words, kinematic representation of the
motion consist of basic motion elements whose
number of kind is as same as the number of mix-
ture Gaussian component. An important issue is
that the motion elements are automatically calcu-
lated by the Baum-Welch algorithm. Additional
to that, the relation and correlation among each
joint can be represented by the motion elements
because each elements hold information of whole
body motion and correlation matrix . In pre-
vious works, the number of motion elements m
is fixed, and entrusted to the developer, however,
CHMMs can also optimize the m.

A concept of combination of motion elements
is shown as the Fig.4. Fig.4.1 shows motion el-
ements as multivariate Gaussian functions, and
Fig.4.2 shows probability density of output mo-
tion vector. In previous works of mimesis loop,
we prepare sets of motion elements beforehand.

def
€; =
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And we abstract sequences of motion elements
with DHMMs. To sum up, mimesis system can
take following advantages with CHMMs.

e Various motion patterns can be made by
combination of continuous motion elements.

e A motion element is able to express the whole
body motion whose degree is as same as the
degree of target motion.

e Pattern of motion elements and the number
of motion elements is automatically calcu-
lated.

4 Closing the mimesis loop for
embodiment

We integrate the behavior perception and be-
havior generation. In other words, the integra-
tion is corresponds to closing the mimesis loop.
It is needed for new born babies to continue trial
and errors in order to acquire self behavior. In a
similar approach, the humanoid can acquire inner
parameter of mimesis system with the considera-
tion of embodiment through repetition of behav-
ior perception and generation. We prepare three
criteria for evaluation of generated behavior as
followings;

1. Whether the generated trajectory is resemble

to the target motion, or not.

. Whether the performance of the recognition
and generation process increase, or not.

We use evaluation criterion for first condition as
follows:

m:ﬂ%m—%ww (7)

Where 60;,,(t) and 0y (¢) indicate the joint angle
of an observed ideal motion and a generated mo-
tion. For second condition, we adopted following

criterion: . A
Er=R"' - R (8)

where R’ indicates recognition ratio in i-th learn-
ing loop. When the sign of E'g is plus, the mime-
sis system judges that i-th motion data is suit-
able for recognition process, adds the motion data
into database, and calculates the motion elements
again.

A method for reproduction of the behavior is
as same as the previous works. See the details of
the method in bibliography [7][8].



Figure 5: Motion Capturing System:

5 Simulation results

We have confirmed the performance of our
method. 20 squat motions are observed as learn-
ing sample data using by the Behavior Capturing
System as shown in Fig.5. The time period of
each motion is about 2[sec] with sampling time
20[msec]. In this experiment, we put the motion
elements in charge of three joint; hip(pitch axis),
knee and ankle(pitch axis), that is, the dimension
of the motion elements is three. We have set the
number of state nodes in the CHMM ten, and the
number of mixture for each node ten, that is, 100
motion elements should be created.

After the 20 observations, motion generation
process is executed 80 times, and appropriate mo-
tions are added into database. Figure 6 shows
the acquired motion elements after the 80 times
generation. Each dot mark indicate the motion
element, solid line indicate the original motion’s
trajectory. As the figure shows, the motion ele-
ments are located near the original motion, that
is, our method shows good performance.

Using the method, we also performed the ex-
periment with walking behavior as shown in Fig7.
Fig.8 shows experimental result on a humanoid
robot. The generated behavior is suitable for the
real robot because the acquisition process consid-
ers the embodiment of the humanoid in dynamics
simulator. The experiments are executed with its
body dangled, because any balance controller are
not considered in current stage.

6 Conclusions

In this paper, two improvement was performed
for the refinement the mimesis system. One is
automatical generation of motion elements using
continuous HMMs. Another is that the system
gained the embodiment through modification of
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Figure 6: Motion elements and original motion

motion elements based on the evaluation of the
generation motion. We confirmed that out ap-
proach aims at suitable direction through two ba-
sic experiment.

There is vector quantization (VQ)[11] as a stan-
dard strategy for the conversion from continuous
data into discrete data. VQ is convenient method,
however, there is no guarantee that the generated
discrete data are suitable for the embodiment of
the humanoid. the method proposed in this pa-
per considers the both recognition process and
reproduction process, thus the acquired motion
elements are suitable for the humanoid. In ad-
dition to that, the proposed method has another
advantage that the number of motion elements is
optimized using by the continuous HMMs.



Figure 7: A observed motion of walking

Figure 8: A generation result of walking motion on a humanoid robot
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