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Abstract

This study presents experiments on the learning of object hadling behaviors by a
small humanoid robot using a dynamic neural network model, he recurrent neural net-
work with parametric bias (RNNPB). The rst experiment show ed that after the robot
learned di erent types of ball handling behaviors using human direct teaching, the robot
was able to generate adequate ball handling motor sequencsguated to the relative po-
sition between the robot's hands and the ball. The same schemwas applied to a block
handling learning task where it was shown that the robot can svitch among learned dif-
ferent block handling sequences, situated to the ways of iraction by human supporters.
Our analysis showed that entrainment of the internal memory structures of the RNNPB
through the interactions of the objects and the human suppoters are the essential mech-
anisms for those observed situated behaviors of the robot.



1 Introduction

Learning object handling behavior by robots is a di cult pro blem since motor trajectories
to achieve adequate handling behaviors could be diverse ragling various situations. Even
when manipulating the same object, the motor time-developnent would be quite di erent
depending on how the robot and the object are situated in the wrkspace. The current
paper shows that a dynamic neural network model is e ective n learning and generating
such diverse and situational behaviors for object handling

There are a substantial number of prior studies concerning he learning of object handling
by robots. Recently, Bianco and Nol (Bianco & Nol, 2004) sh owed that a simulated
robot arm can acquire object grasping behavior by evolving eural controllers. By evolving
simple sensory-motor maps in layered networks, quite complx grasping behavior is generated
dynamically even with a signi cant range of perturbations in position and direction of the
object. However, it might be di cult to apply their evolutio nary approach to a real robot
task because it requires a substantial number of trials, whih real robot situations cannot
easily accommodate.

In some studies of reinforcement learning, behavior scherseare learned by combining
prede ned behavior primitives. For instance, for an object handling task, a robot learns
to select among the prede ned behavior primitives such as aproaching, grabbing, carrying
and releasing an object for each step appropriately. Howeve this approach can hardly be
applied to a dynamic object handling behavior such as objecgrasping (Bianco & Nol , 2004)
and juggling (Schaal, Sternad, & Atkeson, 1996) because itsi di cult to divide the dynamic
behavior scheme into a set of discrete behavior primitives mnually. On the other hand,
some researchers (Wolpert & Kawato, 1998; Tani & Nol, 1999) proposed models that can
learn various behavioral skills from continuous sensory-rator ow without possessing any
prede ned behavior primitives. Recently, some of the authas proposed a neural network
scheme, termed RNN with Parametric Bias (RNNPB) (Tani, 2003; Ito & Tani, 2004a), and
applied it to the task of object manipulation by an arm-type r obot(Tani, 2003). However, the
task was quite simple since the object was manipulated onlyn a two-dimensional workspace
and the interaction dynamics between the arm and the object vere quite limited.

In the current study, complex tasks of a ball and blocks manilations utilizing a hu-
manoid robot are considered. In order to let the robot acquie these task skills, an imitation
learning framework is introduced to avoid an unrealistic number of trial and error instances,
which are often observed when applying reinforcement learing and genetic algorithms to
complex behavior tasks. In our imitation learning method, manipulation of objects is di-
rectly taught by human supporters who guide the movements ofthe robot by grasping its
arms. After repeated guidance and corresponding neuronakhkrning, the robot becomes able
to generate the taught behavioral patterns with generalizdaion. Although it is true that
the introduction of direct teaching makes the task of imitation learning much easier(Billard,
2002), it has been reported that even chimpanzees cannot leato imitate manipulatory ac-
tions by watching but can do so by direct teaching by human supporters (Myowa-Yamakoshi
& Matsuzawa, 1999, 2000).

Imitation learning by watching may require human speci c cognitive functions to solve
the corresponding problems (Dautenhahn & Nehaniv, 2002; Neaniv & Dautenhahn, 2001)
with joint attention mechanisms(Baron-Cohen, 1996; Moore & Corkum, 1994) which our
current robots as well as chimpanzees do not have.



The current study also investigates the issues surroundingnteractive and cooperative
behavior generation involving robots and human supporters Interactive generation has been
addressed in the research of human-robot cooperation. In # eld of conventional engineering
robotics, many have studied cooperative tasking such as caying an object (K.Yokoyama et
al., 2003) or dancing with a human (Kosuge, Hayashi, Hirata,& Tobiyama, 2003). In those
studies, robots are controlled to keep desired states witm the global task models, where
the human assistance is incorporated. When a human supportepushes or pulls an object,
the robot can interactively behave by keeping its state trajectories within the pre-designed
ones. However, in this approach, the controller of the robothas to be designed strictly
as incorporated with the global task model. On the other hand Ogata (Ogata, Masago,
Sugano, & Tani, 2003) studied the cooperative robot-human avigation learning task without
having such explicit task models. In their task, both of the human subjects and the robot
learns to move to goal locations through repeated trials whee the task skills of the robot
are implicitly represented in the learned neural network. One of the crucial problems in
interactive generation is how to coordinate the interactions between a robot's movements
and the supporter's intentions of guidance. In order to accet guidance by human users, the
robot's behavior generation has to be exible enough to adapto such external changes. On
the other hand, the behavior generation has to be su ciently robust in order to perform object
handling behaviors stablely against various perturbatiors. Therefore, interactive generation
involving human supporters requires a good balance betweerobustness and exibility for
adaptive behavior of the robot.

One speci ¢ goal of the current study is to show possible newnal mechanisms that enable
the robot to generate behavior adaptively corresponding tovarious situational changes of
the robot, the object, and the human supporter. For this purpose, it is considered that
re ex-type behavior generations for acquiring a simple sesory-motor mapping may not be
su cient since the recognition of situational changes in our task may require contextual
information processing. In order to recognize current sit@tions in a contextual manner,
certain internal models might be required. The internal model, here, does not mean the
global model of the task, but it refers to the capability to anticipate encountering sensory
ow in the future by regressing sensory-motor ow of current and past time in a contextual
manner. Much neuroscience research has identi ed that cegin parts of prefrontal regions
play an essential role in recognizing context switching. Tl Wisconsin card sorting task
(WCST) (Milner, 1963) is one of the most popular schemes to inestigate such mechanisms
for the switching of cognitive sets. The subject is presenté with cards of speci ¢ shapes,
colors, and numbers. Then the subject has to sort the cards i di erent piles without
having been explicitly given the current criteria for correct sorting. The subjects are then
given feedback regarding the correctness of their current@ting results, which leads them to
the correct sorting. Various neuro-imaging studies have idicated that the switching takes
places with error monitoring in the anterior cingulate cortex (ACC) (Ito, Stuphorn, Brown, &
Schall, 2003)and the resultant executive controls in the peterior parts of the bilateral inferior
frontal sulcus (Nakahara, Hayashi, Konishi, & Miyashita, 2002). Although context switching
in object manipulatory behavior and in the WCST dealing with cognition of abstract rules
might be qualitatively di erent, they might share the same b asic information ow of error-
monitoring with anticipation and resultant executive cont rol for switching.

In the current paper, our previously described scheme of theRNNPB (Tani, 2003; Ito
& Tani, 2004b) is utilized as one possible neuronal network radel to implement context



switching. The ultimate challenge of the study is to clarify the essential mechanism of context
switching for the task of object handling from the dynamical systems perspectives (Beer,
1995; Gelder, 1998). The dynamical structures that appearn the tight coupling among the
body, the object and the internal neuronal processes will beexplained by means of attractor
dynamics and their parameter bifurcation characteristics

2 Mechanism, model and algorithm

In order to achieve learning and the resultant interactive generation of learned behavior, a
dynamic neural network model of RNNPB (Tani, 2003; Ito & Tani, 2004b) is utilized. In the
following section, the basic cognitive modes of the RNNPB ag introduced.

2.1 The basic mechanism

The following explains the basic idea for three di erent cogiitive operational modes for a
robot, which include learning, object handling, and object handling with human supporters.
First, in the learning phase, sensory-motor patterns of guiled behaviors are embedded in the
RNNPB in the form of attractor dynamics. The attractor repre sents the essential spatio-
temporal structure of the target behavior. Moreover, learning multiple behavior patterns is
realized by switching among di erent attractor dynamics.

Second, the learned object handling behaviors are regendsal by means of interactions
between the robot and the object. Here, the memory retrievalprocesses and the physi-
cal movements of the robot's arms and the objects are co-depéent. Mutual entrainment
between the two of them enables the robot to generate the sitated object manipulatory
behaviors.

Third, the intentional acts of the human supporter are included in the interaction loop.
The supporter can guide the robot to generate one of the leared patterns by physically
forcing it to do so. This can be explained by the entrainment d the coupled dynamics of the
RNNPB, the arms and the object movements by the supporter's ntentional acts.

2.2 Model and algorithm

The three cognitive operational modes described in the preous subsection are implemented
by using the RNNPB.

(A) The architecture
The RNNPB model has the same architecture as the conventionlaJordan-type RNN model
(Jordan & Rumelhart, 1992) except for the PB nodes in the inpu layer. Figure 1 shows the
con guration of the RNNPB model in the learning phase (a) where the RNNPB is trained
with sensory-motor ow sequences, and in the interaction plase (b) where the trained RNNPB
generates situated motor outputs according to incoming sesory inputs. For the normal input
and output nodes, two types of operations are performed at te same time: open-loop and
closed-loop. In the open-loop operation, outputs of the natork (%;+1;M+1) are calculated
as a result of a prediction from the current inputs (s;; m¢). In the closed-loop operation,
copies of the previous prediction outputs are copied to the @rrent inputs, and outputs are
calculated according to the feedback. This feedback enalddook-ahead prediction (rehearsal
process) for an arbitrary number of future steps without perceiving the actual inputs.



There are context nodesc; in both the input and output layers. The output of the context
nodes is copied to the context nodes in the input layer. The iternal state is recursively
computed for future steps utilizing the recurrent feedbackloop for the context nodes. There
are PB nodesp; in the input layer. These PB nodes are the additional networkvariables that
can be manipulated to learn and generate diverse behaviorgatterns.

The common structural properties of the training data sequeices are acquired as con-
nection weights by using the backpropagation through time BPTT) algorithm (Rumelhart,
Hinton, & Williams, 1986). On the other hand, the speci ¢ pro perties of each individual time
sequence are simultaneously encoded as PB values. Therefpthe modulation of the PB val-
ues shifts the modes of the behavior pattern. In the processeof learning and recognition,
the PB values are iteratively computed utilizing the error b etween the target sensory-motor
sequence and the predicted sequence.

(B) Learning process
The learning algorithm for the parametric bias vectors is a \ariant of the BPTT algorithm.
The step length of a sequence is denoted bl. For each of the sensory-motor outputs, the
backpropagated errors with respect to the PB nodes are accunlated and used to update the
PB values. The update equations for theith unit of the PB at the t in the sequence are as
follows,

ty1=2
t = Kpp Pp"' Knb( t+1 2 ¢+ t 1) 1)
t =2
t = t (2
pi = sigmoid( (=) )

In Eq. (1), the ¢ force for the update of the interval values of the PB ; is obtained from
the summation of two terms. The rst term represents the delta error, tbp, backpropagated
from the output nodes to the PB nodes: it is integrated over the period from thet [=2 to
thet+ 1=2steps (0 t I=2andt I|=2<1). Integrating the delta error prevents the local
uctuations in the temporal PB values. The second term is a lov-pass Iter that inhibits
frequent rapid changes of the PB values. Theky, and kyp, are the coe cient of the above two
terms, respectively. The internal value ; is updated using the delta force { by the learning
rate , as shown in Eq. (2). Then, the current PB valuesp; are obtained from the sigmoidal
outputs of the internal values ;.

(c) Generation of behaviors
This mechanism for the inverse computation of the PB valuess performed online during the
interactive behavior generations of the robot with/withou t the human supporter even after
the learning process is terminated. When the dynamic charaeristics of on-going sensory
ow is alternated from one mode to another, the prediction error with the current PB values
increases. The PB value is then updated in the direction of mimizing the error, which
results in an update of motor patterns situated to the current sensory inputs. This parallel
mechanism of inverse computation of the PB by means of the regssion of the past sensory
ow and the forward computation of motor ow in the future bas ed on the current PB is
essential for generating situated behaviors (Tani, 2003;tb & Tani, 2004b).



3 The robot system con guration

The robot task of object handling involves two-arm ball handling and one-arm block building.
Both the ball and the block are visually identi ed by using color segmentation. The robot
acquires an adequate behavior scheme by learning a set of semy-motor sequences obtained
through direct human teaching. During behavior learning, the target sequence to be learned
is the paired trajectory of sensory and motor values. The sesory information is obtained
for arm movement and object movement. The arm movement is thetrajectory of the joint
angles measured by encoders in both arms. Object movement abtained from the center 3-D
positions of color-segmented regions of the objects. On thether hand, the motor values are
the trajectories of the reference of joint angles in the robtds arms. In the current experiments,
the target reference trajectory is simply obtained as a copyof the measured arm movement
during the direct teaching by human supporters. A set of theg paired sequences is learned
by the RNNPB o ine. In the interactive generation mode, the r obot attempts to generate
suitable behaviors depending upon situations by predictiy incoming sensory sequences. In
this phase, the robot perceives the sensory input the and gerates its corresponding motor
output while adapting the PB values using regression.

The experimental robot system using a remote computing envonment has been built.
This system consists of the sensory processing module, theNRIPB module and the motor
control module. The sensor processing module integrates dnsends data to the RNNPB
module. The RNNPB module calculates motor commands accoraig to received sensor in-
formation and then sends it to the motor control module. The snsor processing module and
the motor control module are executed on the computer embeded in the robot. Since the
RNNPB module requires relatively heavy computation, it is executed on a remote PC cluster
connected by a wireless communication system.

4 Robot experiments

In this study, we conducted two di erent robot experiments. In the rst experiment, we ex-
amined how the robot can learn to generate situated behavias involving dynamic interactions
between its body and objects for a ball handling task. In the gcond experiment, we focused
on how human interactions can a ord the robot to generate situated learned behaviors in a
block building task.

4.1 Dynamic generation of ball handling behaviors
4.1.1 Learning of behaviors from human direct teaching

In the rst experiment, the robot learns two di erent types o f ball handling behaviors, as
shown in Figure 2. One is "rolling a ball" in which the robot swings both arms alternately to
roll a ball on a table from left to right and vice versa (a). The other is "lift up a ball”, which
is to put the robot's hands together to lift up a ball on a table vertically and then release its
hands to drop the ball (b).

This task is performed by the small humanoid robot QRIO which is seated on a chair
and handles the ball on a table. The ball is 6 cm in diameter. Tle table is 45 cm square
which is equipped with 1 cm high, 3 cm wide guides to prevent tle ball from falling o



the table. The table is inclined about 4 degrees to make the rer side low so that the ball
returns to the reachable area even if the ball is pushed awayQRIO perceives the ball with
a camera equipped on its head and handles the ball with both ofts arms. The RNNPB in
QRIO receives two types of information. One is the current bdl position (BALLX,Y,Z) that
is obtained by the robot vision system in terms of (X,y,z) postions in the task workspace,
where the size information of the segmented region of the blatolor represents z information.
The other is the encoder value for each joint angle of both arma at the current time step
(L,RSHP: left,right shoulder pitch joint, L,RSHR: left,ri ght shoulder roll joint, L,RSHY:
left,right shoulder yow joint and L,RELP: left,right elbow pitch joint) The RNNPB outputs
two types of information. One is the motor commands in terms d the reference values of
all joint angles of the next time step, and the other is the preiction of the ball position in
the next time step. (Note that the reference value and encodevalue for each joint can be
di erent because of position error by the PID control in QRIO .)

In the learning phase, the robot learns two di erent ball handling behaviors from human
direct teaching. In the teaching process, a human user grabthe robot's arms and guides
them to perform the target ball handling behaviors using an actual ball and while the servo
gain of the robot arms is almost set to zero. In this study, thereference trajectory is simply
obtained as a copy of the measured arm movement in the directdaching by human users.
The training data for the RNNPB were recorded with the time interval of 50 msec which
is the same frequency as the RNNPB's calculation interval. Br the ball rolling behavior,
two cycles of the behavior, which start from the right and left sides (3 samples each), were
recorded. For the ball lifting task, one cycle of the behavio (6 samples) was recorded. The
sequence length of the trajectories is about 120 steps (6 gefor the ball rolling task, and
about 90 steps (4.5 sec) for the ball lifting up task. It is important to note that during the
teaching process these two behaviors are given as separatgsences. Thus the robot never
learns the transition between them.

A set of these paired sequences is learned by the RNNPB o -lie. For learning the forward
model of the behavior sequences, we employed an RNNPB that sal3 inputs node and 13
prediction output nodes. It also has 2 parametric nodes, 50 iden nodes, and 70 context
nodes. This con guration was obtained by the parametric study where we examined various
RNNPB with di erent number of hidden nodes and context nodes by using the PC cluster
system. For the learning sample set, the learning is iteratd for 50000 steps, starting from
an initial random set of synaptic weights. In order to avoid the over tting to noisy data,
we introduced the arti cial small random noise into the outp ut of RNNPB in the learning
process. The nal root-mean-square error of the output node was less than 0.0003.

Subsequently, in the interaction phase, the RNNPB in the robot receives the current
ball position and the current encoder values for all joint argles as inputs and generates its
corresponding motor commands and prediction of the ball pasion in the next time step as
outputs in an online manner. For the online recognition proess (PB regression by utilizing
the prediction error), 50 instances of forward and back-prgagation iteration were conducted
using a 30-step length window of the immediate past in order ® determine the PB at each
next time step. Along with this update of the PB, the motor ref erences for the next step are
also computed by means of forward computation using the windw.



4.1.2 Dynamic generation and switching of learned behavior S

After the learning, we examined how the robot with the trained RNNPB could generate two
di erent learned ball handling behaviors. We also observednhow the ongoing behavior could
alternate between them depending on the situational di erences between the robot and the
ball.

Figure 3 (a) shows the snapshots of the ball rolling behaviorgenerated by the robot.
When the ball was rolling from the front of the robot to the left side, the robot hit it by the
righthand. Then the ball rolled to the opposite side and the robot hit it with its left hand.
This rolling a ball behavior was stably repeated for severaltimes. Figure 3 (b) shows the
snapshots of the ball lifting up behavior generated by the rdvot after the ball rolling behavior.
When the human user stopped the ball in front of the robot, after a short while the robot
started to hold it with both arms without any irregular movem ents and then lifted it up to
a speci ed height. After this, the robot released the ball and then the ball was dropped in
front of the robot. The robot started to hold it again. This ba Il lifting up behavior was also
autonomously repeated for several times.

Figure 4 shows the time course of the whole interaction and te parametric bias values
of the RNNPB. In Figure 4, the plot at the top and the second row show the actual ball
positions and the ones predicted by the RNNPB. The third row plot shows the robot joint
angles generated by the RNNPB (Only 2 DOF are plotted among a otal of 8 DOF). The
plot at the bottom shows the parametric bias of the RNNPB.

We observed a transient status where two di erent behaviorswere switched between (from
rolling to lifting up) as a result of PB online adaptation according to modulations in the
sensory sequence pattern. In this case, the ball position veachanged by human intentionally.
At around 200 steps, the ball's motion was stopped in front ofthe robot body. This resulted
in one of the PB values being decreased. From about 340 stepisall lifting up behavior was
generated according to the PB values.

In this experiment, we observed that the learned ball handlng behaviors were well gen-
erated through interaction between the RNNPB dynamics and the ball movement dynamics.
Remember that the actual ball movement does not necessergllrepeat exactly the same as
the learned one. Even under such noisy conditions, the leared behaviors were stably gener-
ated. The system seems to maintain a certain robustness agast unknown irregularities. We
speculate that such robustness originates from the charaetistics of attractor dynamics that
emerges in the coupling between the RNNPB dynamics and the Hamovement dynamics.
It was also observed that the behavior switching could be pdobrmed smoothly which the
robot had never learned to do. (Remember that in the learningprocess, these two behav-
iors were just trained as separate patterns.) It can be said hat novel behavior in terms of
behavior transitions were generated spontaneously utiling emergent dynamical structures
self-organized in the system.

4.1.3 Analysis of the memory structure of RNNPB

To clarify the relationship between the memory structure organized in the RNNPB and the
behavior appeared in the previous robot experiment, we anagzed the structure of the PB
space and then examined the behavior dynamics embedded in. it

First, to visualize the memory structure of learned behavias in the RNNPB, we calculated
the distribution of prediction error for the ball movements of two learned ball handling



behaviors over all the PB space. Each point in the PB space waset in the RNNPB as a
constant value and then the RNNPB predicted ball movements wthout PB adaptation in
the simulation. Ball movements from both rolling a ball and lifting up a ball were shown
independently and the prediction error was calculated for ach sequence.

Figure 5 shows the contour map of the prediction error obtaired by the above calculation
over the two dimensional PB space. Two of the error distribuions were overlaid to show
the smaller prediction error value distribution. In Figure 5, it is observed that there are two
continuous bowl shaped error distribution and two minimum values exist for each structure.
It is also observed that there is a boundary of two structuresin the region where PB1
around 0.70 and PB2 around 0.95. By relating the PB trajectoly shown in the gure 4 to
this contour map, we speculate that continuous variation ofthe PB values between the two
di erent regions in the PB space contributed in the smooth behavior switching.

Next, to examine the behavior dynamics embedded in the PB spee where two di erent
types of ball handling behaviors have been learned, we chodbe three typical PB vectors
from the distribution map and examined how the RNNPB could perceive the ball movements
of each behavior for them and generate the prediction and theorresponding arm movements
in the o ine simulation. The PB vectors chosen to correspond with each behavior are as
follows: (PB1: 0.99, PB2: 0.99) for the ball rolling task, (PB1: 0.59, PB2: 0.97) for the ball
lifting up task and (PB1: 0.73, PB2: 0.96) for the intermediate between the two behaviors.
The ball movements of the two learned behaviors were shown téthe RNNPB for each PB
vector and then the RNNPB predicted the ball movement and gererated its corresponding
arm movement without PB adaptation.

Figure 6 shows the ball movement predicted and the arm movenm generated by the
RNNPB with three typical PB vectors (a), (b), (c) for ball mov ements of rolling a ball.
Figure 7 shows the same ones for the ball movement of lifting all.

In these two gures, we found that the RNNPB with the intermed iate PB value performed
as well as the RNNPB with the proper PB as compared to the RNNPB with the opposite
PB for both rolling a ball and lifting a ball. This means that t wo di erent behavior dynamics
were incorporated into the single dynamical structure whid was represented by a constant
PB values at the boundary region.

4.2 Interactive generation of block handling behaviors
4.2.1 Learning of behaviors from human direct teaching

In the second experiment, the robot learns to put one block ortop of another one from among
three color blocks, using the right hand arm using human diret teaching. The teaching
process is the same as that of the rst experiment except the And action for grabbing and
releasing a block. The action of grabbing a block is activatd with the tactile sensor on the
palm of the robot's hand. Then, when the palm contacts with a bock, the grabbing action is
re exively generated. On the other hand, the action of releaing a block is activated with a
touch sensor on the robot's shoulder. When human users wanthe robot to release a block,
they touch the robot's shoulder and then the robot releasesti

In this task, the robot perceives the arm movement and the moement of each of the
three color block and generates the arm movement includinghte hand action. In the current
experiments, the tactile sensor was only used in the teachim phase and not used in the
interaction phase. The sensory input vector consists of thecurrent step encoder values for
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joint angles of the robot arms (RSHP: right shoulder pitch joint, RSHR: right shoulder roll
joint, RSHY: right shoulder yaw joint and RELP: right elbow p itch joint) and the center
3D positions of the three color blocks ( REDX,Y,Z, BLUEX,Y,Z and YELLOWX,Y,Z). The
motor output is the next step reference values of the joint amgles of the robot arms and the
binary hand action such as grabbing or releasing. For learmg the forward model of the
behavior sequences, we employed the RNNPB which has 20 inputodes and 20 prediction
output nodes. It also has 2 parametric hodes, 40 hidden nodesand 80 context nodes.

4.2.2 Interactive generation of learned behaviors

In the experiment with the building block task, it is examined how the robot can adaptively
situate its behavior relative to guidance from human users.

In this experiment the robot learns two alternative behaviors to be selected in the same
block layout situation where the yellow block, the blue one and the red one are located on
the lefthand side, in the center and on the righthand side repectively, in front of the robot.
One behavior is to put the yellow block onto the blue one (B1). The other behavior is to put
the red block on top of the blue one (B2).

This teaching process was repeated twice for each behavioo fprepare a set of samples for
robust learning. Each sample data was obtained by samplinghte behavior sequence each 0.5
seconds for 50 steps. For the learning sample set, the leany is iterated for 100000 steps,
starting from randomly set initial synaptic weights. The n al root-mean-square error of the
output nodes was less than 0.0003.

After learning, we examined if the robot's behavior could beswitched alternatively by
means of partial human guidance. In this experiment, the cotrol gains of the robot's arm
were set to the relatively low values where the robot can be meed by itself and by a human.
Figure 8 shows the snhapshots of behavior switching guided bthe human user. In this case,
at rst the robot autonomously tried to grab the yellow block for B1 due to the initial PB
values and succeeded it. After the human user restored the Ylew block to the initial position,
when the robot tried to generate B1 again, the human user guidd the robot by grabbing its
arm to switch to B2. The human user continues the guidance to witch it while she or he
senses the robot's "against-force" (resistance) back to treor his hand. After awhile the robot
starts to follow the user's guidance while the user feels joit movement force instead of the
against-force at their hand. (This part of the force feedba& from robots to human resembles
the experimental studies of the RNN-implemented force feeback joystick by Tani (Tani &
Ito, 2005).)

Although the human user stopped providing guidance when therobot's hand was ap-
proaching the red block for B2, the robot's arm kept on movingto it instead of moving back
to the yellow block for B1. After this, the robot tried to grab the red block but failed once.
However, after the robot's arm moved back to the initial position which is far from the blocks,
the robot retried to generate B2 and nally the robot succesgully achieved B2.

Figure 9 shows the time course of the entire behaviors and thearametric bias values of
the RNNPB. In Figure 9, it is observed that the generation of a complex motor command
sequence by the RNNPB is adaptively switched by human guidane. After the human user
guided the robot arm by direct teaching from 80 to 95 steps, tle robot behavior was switched
from B1 to B2. During this, one of the PB values was gradually ncreased according to the
prediction error of the sensory inputs and then the behaviorswitching was done. Since the
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PB was still changing toward the value corresponding to B2, e robot failed to grab the
block once. After this, the PB achieved it and the robot succesfully achieved behavior B2.

This robot experiment showed that human users can allow the obot to generate their
intended actions through the force-based bodily interactons while the internal neuronal dy-
namics and the body dynamics of the robot continues without sopping.

4.2.3 Analysis of the interaction structure and the memory s tructure of RNNPB

In order to clarify the characteristics of the interactive generation based on the learned
behaviors, we conducted further experiments for the purpos of analysis. In this experiment,
we examined the timing of successful interactions which ledhe robot to achieve a user's
intended actions. More speci cally, we examined how the hunan user could alternate the
robot's behavior by direct guidance using three di erent timings during the ongoing behavior:
T1 (far from the block), T3 (near the block) and T2 (between T1 and T3). This experiment

was conducted in the situation as in the previous experimerdl settings, when the robot
performs B1, the user intends to switch to B2. We conducted ths trial three times for

each timing. Table 1 shows whether the robot's behavior was witched or not and the

prediction error for the three trials in the three timings. T his error indicates the accumulated
prediction error during human direct guidance. In the direct guidance process, when the
human user grabs the robot's arm and leads it in a dierent direction from the ongoing

behavior, prediction error is generated in the RNNPB which predicts the encoder values of
joint angles for the next time step. This could indicate the against-force of human direct
guidance. We could thus say there is no signi cant di erencein the force level.

Table 1: Performance of behavior switch and the prediction eror during it at each timing.

| Timing | Behavior Switch | Error |
T1 (far from the block) SUCCESS 0.002548
SUCCESS 0.002061

SUCCESS 0.002044

T2 (between T1 and T3) FAIL 0.003419
FAIL 0.001766

FAIL 0.002838

T3 (near the block) FAIL 0.004631
FAIL 0.004251

FAIL 0.002761

From this result, we found that behavior switching by human direct guidance could not
be done at any time but at particular timing in the ongoing behavior. It is speculated that
this interaction structure is related to the self-organized dynamic memory structure of the
RNNPB. To clarify this relationship, we examined the robustness of the behavior by adding
perturbations to the sensory input of the RNNPB at the three timings. The robustness of
the behavior must be related to its persistence. The persigince of an ongoing behavior and
the ease of human intervention are opposites. If the persisince of a behavior is high, it is
di cult to switch the behavior by an external force such as hu man direct guidance. On the
other hand, if the persistence of a behavior is low, it is easyo switch by external guidance.
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In this experiment, we measured the robustness of the behawr at the three timings by
adding several levels of perturbation: 0.005, 0.05 and 0.16f the value normalized for the
RNNPB. The perturbation was to o set the measurement of joint angles by such levels for
15 steps. Table 2 shows whether the ongoing block building evior succeeds or not after
the several level perturbation has been added at three timigs: T1, T2 and T3.

Table 2: Performance of behavior switch and the prediction eror during it at each timing.

Timing Rate of perturbation
0.5 | 5.0 | 15.0
T1 (far from the block) SUCCESS FAIL -
T2 (between T1 and T3) - SUCCESS FAIL
T3 (near the block) - - SUCCESS

In the case of T1, if the ongoing behavior succeeded when 0.5 perturbation was added,
the ongoing behavior failed when the 5 % perturbation was addd. In the case of T2, although
the ongoing behavior succeeded when 5 % perturbation was add, the ongoing behavior failed
when 15 % perturbation was added. In the case of T3, even if 15 %berturbation was added,
the ongoing behavior succeeded.

From this result, it is found that the behavior's robustness against the perturbation in-
creased as the robot's arm approached the block. This suggesthat the memory dynamics of
the RNNPB which would determine the persistence of the ongaig behavior was dynamically
changing as it proceeded. Thus we conclude that the robot cdd accept guidance by human
users was dynamically changed depending on the dynamical ehge of the memory dynamics
of the RNNPB.

5 Discussion

5.1 Dynamical systems explanation

Our experiments showed that the robot can learn to generate naltiple patterns of object
handling both robustly and exibly by utilizing the RNNPB. T he dynamical relationships be-
tween the objects and the body were learned as the memory dymaic structure self-organized
in the RNNPB. The behaviors learned were autonomously geneted through mutual entrain-
ment between the internal neuronal dynamics and the externa environmental dynamics,
which enabled the robot to maintain stable behavioral perfamance. Moreover, in the case
of performing di erent types of object handling behaviors, behavior patterns were exibly
alternated by means of utilizing the dynamic characteristics of the parameter bifurcation of
the RNNPB. Such behavior switching could be done not only by a@vironmental changes but
also by human direct guidance. The structure of interactive generation was related to the
behaviors' persistence, which was characterized by the meony structure of the RNNPB.

In the dynamic and interactive generation of object handling behaviors, the characteristics
of robustness and exibility are crucial, which seems to be ontradictory. In order to examine
how such two con icting natures can be incorporated into the presented scheme, we review
the dynamical mechanism of the RNNPB and the resultant information ow that appeared
in the coupling between the robot, the object, and the human wser.
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Figure 10 shows the sketch of the information ows in the ballhandling task (a) and in the
block handling task (b). In this gure (a), the RNNPB can be di vided into two subsystems,
the standard RNN itself and the PB units associated with it. The former handles fast
dynamics while the latter handles slow dynamics, rememberig that the neural activations
in the RNN modulate step by step while the PB values modulate wth much slower time
constant on the order of every 10 steps.

The robot's arm is controlled by the motor command vector M;+; generated by the RNN
and a ects the object in terms of the force F;. The RNN receives current sensor vectors
regarding the relative positions of the arm s?, the object s?, and the encoder reading of
joint vectors m; as its inputs. The output of the RNN is the prediction of the next sensor
vector §%,, and $,; and the next motor command vector M1 . The PB is modulated
depending upon the prediction error regarding the sensor iputs. In addition, as shown in
Figure in 10 (b), for interactive generation with human users in the block handling task,
direct guidance by human users aects the robot's arm movemats in terms of the force
G; and resultantly the RNN receives the aected encoder valuesfor all the joints. The
PB is slowly modulated depending on the error between the prdicted values (target motor
outputs) and their outcomes (encoder readings). In summarythe ongoing robot's behavior
is determined by the fast dynamics in the RNN while behavior @n be alternated in the
coupling with the objects and the human user by means of the siw dynamics in the PB.
It is important to note that the "relatively” slow dynamics o f the PB as compared to the
RNN dynamics is useful to balance between the robustness ofdhavior and the exibility of
behavioral switching depending on situation changes. In tle case of faster motor behavior
control such locomotory gaits, as compared to the dynamics fogait pattern, the switching of
it could be the "relatively” slow dynamics. However, in the current study the PB dynamics is
"absolutely" slow due to the heavy computation time for calculating the PB value in on-line.
In order to apply our model to the "absolutely" faster task such as locomotion, it requires to
improve the implementation or the algorithms of the RNNPB.

Next, we consider what sorts of dynamic mechanism are respaible for the alternations
of the learned behaviors. Figure 11 (a) shows a schematic ofansition from the learned
behaviors B1 to B2 regarding changes in environmental situons. The gure at the top shows
an illustration of the pseudo-potential eld in which the le arned behavior B1 is generated as
stabilized in the global minimum. Here, the potential is de ned in terms of the prediction error
associated with the current ongoing behavior. In this gure, the prediction error is minimized
when the learned behavior of Bl is stablely generated as siaied to the current environment
i.e., the current ball movement pattern. Since the combinaion between the behavior B1 and
the current ball movement pattern makes the potential as the global minimum, B1 can be
robustly generated regardless of certain contingencies afregular ball movements. When the
environmental situations change in terms of ball movement patterns, the landscape of the
potential eld gradually modulates as the PB slowly changesin the direction of minimizing the
error. During this change, another local minimum appears wiich represents the alternative
behavior pattern B2. As the PB continues to change, this new bcal minimum grows in depth
and nally becomes the global minimum in the potential eld, as shown from (2) to (4) in
gure 11. Then, the behavioral pattern of B2 is generated rolustly.

On the other hand, Figure 11 (b) shows how the pseudo-potentil eld modulates in the
interactive generation of the two learned building block benaviors B1 and B2 when responding
to external support by the human user. When the robot's arm islocated far from both blocks,
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there are two local minima that correspond to each block buitling behavior in P1. However,
from P2 to P3 in the generation of one of the behavior patternsin the course of approaching
to the block, the local minimum for B1 becomes steeper while hie other local minimum for
the B2 becomes shallow. Th is occurs because prediction benes more accurate as the arm
approaches the block in the on-going behavior. During this ourse if the human supporter
attempts to switch the behavior pattern from B1 to B2, it requ ires more force for the shift
as the behavior proceeds. It actually becomes impossible fédhe human supporter to switch
the ongoing behavior in P4 and P5.

These two examples illustrate how both robustness and exilility in behavior generation
can be achieved in the presented scheme. Each learned behavpattern can be generated in
terms of attractor dynamics de ned in the pseudo-potential eld that appeared in the coupling
among the robot, the ball, and the human supporter. The behavor can be generated the
most stablely when the attractor becomes the global attracbr with the global minimum in
the potential eld. However, changes in the relation between these three initiate gradual
modulations in the landscape of the potential eld which nally results in the catastrophe
of switching the global minimum, which corresponds to the svitching from one behavioral
pattern to another.

5.2 Comparison with related works

The learning of object handling behaviors from human directteaching in the current study
is largely related to the recent studies of robot learning sgh as "programming by demon-
stration" (Calinon, Guenter, & Billard, 2005) and "computa tional approach to imitation
learning” (Schaal, 1999; Schaal, ljspeert, & Billard, 2003. We will examine the essential
characteristics of our proposed scheme through comparisenwith those schemes. Recently,
Calinon, Guenter and Billard (Calinon et al., 2005) studied the imitation of goal-directed
behavior in humanoid robot. In their study, a robot can imita te human demonstrations in
terms of not only the reproduction of observed arm movementsut also the reproduction of
observed goal state in the task of reaching behavior by usinthe combination of the multiple
cost functions regarding to them. Also, in our study, a robot learn perceived arm move-
ments as not just imitations of trajectories but a goal-directed behavior since the learned ball
handling behaviors are stably generated against irregulaball movements. In our task, the
cyclic movements of rolling ball or holding and dropping it themselves can be regard as the
goal state which are embedded in stable attractor structures. However, our model does not
incorporate with explicit evaluation criteria for the goal s although the models by (Calinon
et al., 2005) does this. In our case, the invariant sets in thegenerated attractors represent
the goals and all the vector ows converging to the invariant sets may represent the ways to
achieve the goals where their distinctions are implicit fran the outside. We will clarify the
mechanisms of our learning model by referring to the classcation about imitation learning
from the computational point of view (Schaal, 1999; Schaal gal., 2003). Our behavior learn-
ing from human direct guidance corresponds to "imitation by direct policy learning” scheme
in their classi cation. In this scheme, without task speci c evaluation criteria, the policy of
behavior control can be learned from observed trajectoriesthough achievement of task is not
guaranteed. In our study, such direct policy learning is thelearning of the forward dynamics
of observed sensory-motor trajectories. And the forward dypamics learned by the RNNPB
could incorporate the task goal state as dynamical attracto. Thus, our model can learn the
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goal-directed behavior without task speci ¢ evaluation function regarding to task goal.

From the other point of view, our learning of multiple behaviors is the learning of switching
dynamics for motor schemes. For this problem, there are seval models besides the RNNPB.
Here, we make the comparisons between the RNNPB and the othenodels with focusing on
the following three points.

First, ljspeert, Nakanishi and Schaal (ljspeert, Nakanish, & Schaal, 2003) proposed a
dynamical systems model which composes of learnable movenieprimitive based on two
types of canonical dynamical systems, namely xed point dyramics and limit cycle dynamics.
The computational cost of their model is quite low and the stability in its learning is high.
However, RNN can learn both of xed point dynamics and limit cycle dynamics stably.
And Tani and Ito (Tani & Ito, 2003) showed that the RNNPB can le arn both of them
simultaneously in its distributed representation. Moreover, it has been studied that RNN
can learn more complex structures such as chaos to learn corngx non-periodic patterns
(Tani & Fukumura, 1995) and fractal structure to learn gramm atical recursive structure
(Pollack, 1991; Elman, 1990) without having prior structural assumptions of the networks.

Secondly, in order to learn multiple behaviors as switchingdynamics, two distinct types
of learning scheme have been proposed. One is the local repemtation scheme such as
MOSAIC (Wolpert & Kawato, 1998) and Mixture of RNN experts (T ani & Nol, 1999).
On the other scheme is the distributed representation schem such as RNNPB. RNNPB
has remarkable generalization capability on learning muliple dynamic patterns since the
shared structure are extracted through the interference amng memorized patterns (Tani
& Ito, 2003; Ito & Tani, 2004a; Sugita & Tani, 2005). In the RNN PB, as the number of
training patterns increases, the PB space is organized as m® complex structures where
not only training patterns but also various novel patterns can be generated. When there are
certain common characteristics among training patterns, he PB space becomes smooth where
patterns interpolated among the training patterns can be gaerated. On the other hand, when
the RNNPB can not nd such characteristics, the PB space can le distorted in nonlinear way
where the quite di erent novel patterns from trained patter ns can be generated. However,
RNNPB has di culty in increasing in the number of memorized p atterns due to such memory
interference. On the other hand, in the local representatio scheme, it is easy to increase the
number of memorized patterns by adding local modules at the ost of loosing generalization
among the memorized patterns. Future researches might comdger how to combine both of
the distribute representation and the local representation scheme in order to exploit both of
their advantages. For example, the current model could be etended to have multiple gated
modules each of which a ords distributed representation byhaving associated PB units.

Thirdly, there have been three di erent schemes which enal# switching among learned
dynamics while all of them use maximum likelihood estimation such as EM algorithm and
back-propagation algorithm in whether the local represenation scheme or the distribute
representation scheme. The rst scheme is to introduce the gting module which selects
local module according to external inputs (Weigend, Mangea, & Srivastava, 1995). In this
scheme, although dynamics switching can be done before geméng outputs unlike the other
two schemes, the whole performance can not be maximized fomiknown inputs. The second
scheme is to select the most likelihood module among the lotanodules depending on their
performance such as the prediction error of each modules (Woert & Kawato, 1998). The
third scheme is to have the internal state in a switching mectanism and update it so that
the whole performance can be maximized by EM algorithm or bak-propagation algorithm
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in online manner, which RNNPB is classi ed into. The switching of the third scheme could
be more contextual than that of the second scheme since the tarnal state preserves the past
history of switching. Such contextual switching is more important for switching dynamics

for motor schemes than that for classi cation problems to bdance both of robustness and
exibility.

5.3 Imitation learning with more natural setting

There are many open problems to be addressed in the current iitation learning scheme. One
interesting question might be how the presented approach tamitation by direct guidance
can be improved to a more natural one. Although the movementsare taught explicitly in
the current method, real imitation of infants can be done in quite an ambiguous setting. A
hard problem associated with this is the correspondence ptdem (Dautenhahn & Nehaniv,
2002; Nehaniv & Dautenhahn, 2001) that asks how parts of bodis of others attended by the
self can be matched with those of the self. It is not just the poblem of coordinate system
transfers but it should include the problem of joint attenti on (Dautenhahn & Nehaniv, 2002;
Nehaniv & Dautenhahn, 2001). Joint attention is also crucid to determine when and what to
imitate without explicit segmentation of interaction ow b etween imitators and tutors(Andry,
Gaussier, Moga, Banquet, & Nadel, 2001). (Andry et al., 2001 Ito & Tani, 2004b) argued
that joint attention in the case of imitating rhythmic movem ent patterns can be achieved from
a continuous interaction ow by means of synchronization. Also the current experiment with
the human supporter shows a similar line as the intention of he supporter and the robot's
movement is dynamically matched by means of entrainment. Ths can be interpreted as joint
attention to one specic learned behavior patterns by both the robot and the supporter.
However, such joint attention can appear only after explict training of the robots, both in
the current study as well as in our previous work (Ito & Tani, 2004b). One speci c future
research goal is to consider how to introduce this sort of jagit attention mechanism during
the learning period. In order to proceed in this direction, learning should be conducted in
a developmental way instead of using the current o ine batch training method. Our future
research will focus on these problems.

6 Summary

Our robot experiments have demonstrated the dynamic and ineractive generation of learned
multiple object handling behaviors by a small humanoid robd using the RNNPB. We have
shown and discussed that our approach can provide both robusess and exibility in such
behavior generation by utilizing the fast and the slow dynamnics in the RNNPB.
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Figure 1. The con guration of RNNPB in learning phase (a) and interaction phase (b).
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(b)
Figure 2: The rolling a ball behavior (a) and the lifting up a ball behavior by QRIO.
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Figure 3: Snapshots of the rolling a ball behavior (a) and thelifting up a ball behavior (b).
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Figure 4: Dynamic generation and switching of two learned bkaviors in the ball handling
task. Plot in the top row represents the measured position ofthe ball. Plot in the second
and the third row represent the ball position predicted and the robot joint angles generated
by the RNNPB. Plot in the bottom row represents the parametri c bias of the RNNPB.

PB2

Figure 5: Prediction error distribution in the PB space. Only the area where the prediction
error is less than 0.00011 is shown. Th right half contour initates the area to realize ball
rolling behavior and the left half contour indicates the area to realize the ball lifting up
behavior.
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Figure 6: Ball rolling behavior according to constant PBs by the RNNPB which has learned
two dierent types of ball handling behaviors. Each graph labeled with (a), (b) and (c)
indicates the results that were acquired from the constant B selected from the PB space
where the prediction error corresponds with rolling, intermediate and lifting up behavior
consequently. Plots in the top and second row represent theatculated target velocity of ball
movement and the calculated velocity based on prediction bythe RNNPB for comparing the
performance of one-step prediction by the RNNPB. Plots in the bottom row represents the
joint angles generated by the RNNPB.
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Figure 8. Snapshots of the behavior switching guided by the aiman user.
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Figure 9: Guided behavior switching in the block building task. Plot in the top row represents
the measured position of 3 blocks. Plot in the second and thehird row represent the block
position predicted and the robot joint angles generated by he RNNPB. Plot in the bottom
row represents the parametric bias of the RNNPB.
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