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Abstract—For a complex autonomous robotic system such a modular control approach [3], which couples a forward
as a humanoid robot, the motor-babbling based sensory-motor mgodel (state predictor) and an inverse model (controller).
learning is considered effective to develop an interal model g forward model predicts the next state from a current
of the self-body and the environment autonomously. In this .
paper we propose a methodology of sensory-motor learning State_ and a motor command (an efference copy), while
and its evaluation towards active learning. The proposed model the inverse model generates a motor command from the
is characterized by a function called confidence, which works current state and the predicted state. Even if a proper motor
as a memory of reliability for state prediction and control.  command is unknown, the feedback error learning procedure
The confidence for the state can be a good measure to bias (rg) ) provides a suitable approximation [4]. The prediction
the next exploration strategy of data sampling, such as to - . .
direct its state to the unreliable domain. We consider the €rfor contributes to gate learning of the forward and inverse
confidence function as the first step to an active behavior design Models, and to weight output of the inverse models for the
for autonomous environment adaptation. The approach was final motor command. Motor prediction, based on a copy
experimentally validated using the humanoid robot James. of the motor command, compensates the delays and noise in
the sensory-motor system. Moreover, motor prediction allows
differentiating self-generated movements from externally im-
posed forces/disturbances [5][6].

Learning-based perception is applicable not only for motor
control but also to model the environment owing to mul-

Learning in robotics is one of the practical solutionstiple sensorial modalities, such as vision, audition, touch,
allowing an autonomous robot to perceive its body andorce/torque, and acceleration sensing. In a similar approach,
the environment. As discussed in the context of ffsene  we developed a learning system aiming at predicting future
problem[1], the robot’s body and the environment are toosensing data based on current sensing data and motor com-
complex to be modeled. Even if the kinematics and thenand [8]. Unlike most studies on sensory-motor prediction,
dynamics of the body are known, a real sensory input to th¢he robot and the environment are considered dynamic. Thus,
body would be different to one derived from the theoreticalwe explored the possibilities for the robot to detect changes
model, because the sensory input is always influenced bip its self or its environment in an autonomous manner:
the interaction with the environment. For instance, whemo other information such as a model was given to the
we grasp an object, the physical state of our arm such asystem. Following this concept, we investigated a function
a weight and momentum becomes different to those at thealled confidence driven in the evaluation process of the
normal state. However, it is difficult to evaluate all potentialsensory prediction learning [9]. The aim of this function is
variations in advance, since real data can vary quite a lot ari$ detect inequalities between the predicted situation and the
the behavior of the external environment is not necessarilyeal situation of the body and the environment. The notion of
controlled by the robot: in this example, the state of the armiobotic self-confidence was developed as the first step toward
is always different depending on the grasped object. On theelf diagnosis and self adaptation.
other hand, learning provides a data-driven solution: the robot Our global aim is to implement a learning process as a
explores the environment and extracts knowledge to build anatural adaptation and self-improvement for the robot. In this
internal model of the body and the environment. context, one of the significant problems in learning is that it

Learning-based motor control systems are well studied ifiequires much time for data sampling and post treatment. An
the literature [2] [3] [4] [5] [6] [7]. Haruno et al. proposed efficient learning strategy is necessary to enhance the learning

speed while keeping its quality. The random sampling strat-

*The work presented in this paper was partially supported by thee is considered as the most robust approach for unknown
ROBOTCUB project (IST-2004-004370) and the CONTACT project (NEST- 9y pp

5010), funded by the European Commission through the Unit E5 Cognitivéeaming environment, on the othc_ar hand mayb_e there are
Systems. some more formal ways of choosing the sampling strategy
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Fig. 1. Internal state space of a sensory-motor system. (a) ideal state
transition, (b) estimated state transition.

¥(-) denote the approximations @f(-) and¥(-), defined as:

depending on various factors and constrains of the body
and the environment, which biases robot learning interest. [
We propose an improvement of the learning strategy (active aft] =
motor babbling) based on the confidence for the state, which

is an extension of [9] to deal with both of sensory statewhere the estimated next statt] is used as an input for
prediction and control: the current learning evaluation orthe estimation of state transition. The functiog¢-) and
state prediction and control can be applied to the nexi¥(-) represent internal sensory-motor dynamics, which can
exploration strategy of data sampling, which focuses on &e exploited for state prediction and state transition control,
state domain of learning interest. as shown in the Fig. 2.

This paper is organized as follows: Section Il describes the In order to collect learning data for these function approx-
proposed framework of sensory-motor learning including anmations, the robot must move its body. In the beginning of
introduction of confidence Section 11l describes the exper- learning, however, the robot does not know how to control
imental results using the humanoid robotic platform Jameds joint movement. A motor babbling gives a simple solution
[10]. Finally, Section IV gives conclusion with some future for this problem: the learning system randomly generates a
tasks. motor commandu*[t], output of the state design function
illustrated asy(-) in the Fig. 2a. The robot, then, actuates this
motor command as[t;] = u*[tx], leading to random joint
movement. During the motor babbling, the learning system
stores measured dat@s(ti], w[tr], s[tk+1]}tk=1,.... k at each

Fig. 1 illustrates internal state space of a sensory-motdjime stepz,,. Let us define this motor command generation as
System. NOtationS Of the Val’iab|es Used in th|S figure arg‘]e U_Spacemotor Command generation (F|92a) In |earning
defined in the Table I. Les[t] € R™: denote the sensory of the eqn. (3) and (4)s[tx], wt], and sty 1] can be used
input vector from theN, sensors, andift] € RV~ be the s input vectors ofs[t], w[t], and 5[¢], respectively, while
motor command vector for thé/,,, motors at timet. Here,  g[t, . \] and u[t] can be used as target vectors&if] and
we assume the sensory input vector as the state vector, agd], respectively.
discuss the state space spanned by the state vector. The stai the |eaming is performed sufficiently, the robot is able
is transited by the motor command actuation. Let us considgf, generate a motor command to reach a desired next state:
that the dynamics o§[¢] andu[t] can be defined as: s*[t], defined as:

D(st], ult]), 1)
U(s[t], s[t + dt]). 2

t] = D, 3

(slt], 8[¢]), (4)

(V33

Il. METHOD

A. Sensory-motor learning

s[t+0t] =

ult] = ®)

[t] = :
[t = [2]), (6)

Here, for simplicity, a motor command to change the state

from s[t] to st + 6t] is assumed as unique based on #tat where the estimated motor commaridt| is used as an input

is a small value. It is a modeling manner of state transitiorfor state prediction and actuation of the robotdt = @/[t],

without considering redundancy in the local domain. as shown in the Fig. 2b. By using the approximated functions,
The goal of learning is to approximadg-) and¥(-) using  the robot is able to generate a motor command to collect

data samples acquired through exploration. &let and w[t] learning samples oihterest Let us define this motor com-

denote estimated vectors of the next sensory ingit+ ¢] mand generation as th&spacemotor command generation

and the actuated motor commandt], respectively®(-) and  (Fig. 2b).
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— —> Fig. 3. Confidence of a state for the state prediction functipiteft) and
the state transition function? (right). Note that the confidence df can
be evaluated by two different behavior spatespaceor S-space

LeamingSydem
Robotic Platform
a) Motor generation in U-space

provides robust memory of confidence for the stafigé on
prediction and control. Lef’s € [0, 1] denote theonfidence
working as a temporal moving average of normalized learn-
ing error:c[t]. The update rule of the confidence foat time

] N I tis defined as:

— —

Cslt] := (1 — a)Cs[t — §t] + aclt], (11)
LeamingSydem where the constant parameter:c [0, 1] denotes an update
Robotic Platform

weight. Cs[0] is initialized as zero at the beginning of the
learning. A high value ofCs indicates that knowledge of
Fig. 2. Sensory-motor learning systems. state dynamics at the stageis reliable.

The principal idea of this framing is to exploit confidence
derived from the past learning, for the next exploration to
collect new learning data ohterest If the confidence at
) ] the current state is low, for instance, the robot can generate

Learning results can be evaluated @nfidencefor the  oi0r habbling inU-space If the confidence is high, the
considered state. The confidence is based on the state pigpot can direct its actions in th8-spacetoward the lower
diction error:|le;|| and motor control errorfle,|| defined  qnfigence state to collect new learning data for improvement

b) Motor generation in S-space

B. Confidence for a state

as. of learning, or direct the action toward the state which attracts
lles[tll] == [1s[t] — s[]l], (7) s attention.
leutll = llaft] —u[]l, (8)  c. Implementation by neural networks

where §[t] indicates the prediction of[t] calculated at time The function approximations ob(-) and ¥(-) were im-

t — dt, and u[t] indicates the estimation for motor control plemented with Multi Layer Perceptron (MLP) as shown
calculated at timef, whenu[t] (= w*[t]) is given byU-  in Fig.4 [8][11]. MLP is a universal function approximator,
spacemotor command generatios]t] and u[t] denote the which parameters can be optimized by learning. We adopted
measured sensory input and the actuated motor commande MLP with three layers and the conventional gradient
time ¢, respectively. If the motor command is given By  descent method as a learning strategy [11].

spacemotor command generation, Eqn. (8) cannot be used, | et n¢ andn” denote the numbers of the units in the first

since the equationuft] = wu[t] is always true, leading and second layer, respectively. Here, the function of MLP is
to permanent zero control error. In this case, we use thgefined as follows:

following error vector instead oé,, [t]:

h

ep[t] = s [t] - S[t]: 9) yk(m) = Zw;’k . f(z wlhjxj 4 wélJ) + wgk’ (12)
which gives the error between the measured state and desired =t =t

state by motor control, meaning the performance error of thevhere y,(-) represents thé-th component of the function

state control in thes-space y(-), andx denotes a combined vector of inputs, for instance,
Let us introduce the Gaussian filtering Pé,||,|le.|| € a7 = (s7,u”) for &(-), and 2”7 = (s7,5%) for ().
(0,+00) into a finite scalar variable:[t] € [0,1] such as w” denotes the weight coefficients connecting the first to
lles[]]|2 llew 12 second layer, anab_" connegti.ng the second tq thir_d layer.
clt] :=exp (—%2> - exp (— 502 ) , (10) ng and wg, are bias coefficients. As shown in Fig.4, the

activation functionf(-) of the units in the second layer is a
where the constantt? determines sensitivity of the filtering differentiable non-linear function, while the activation func-
(Fig.3). Accumulation ofc[t] depending on the state[t] tions of the units in the first and the third layers are identity



Fig. 4. Multi Layer Perceptron (MLP) usesd for approximation of the state
prediction function and state transition function.

Exploration < Learning
(On Line) » (Off Line)
Fig. 5. Learning strategy: a robot explores the environment to collect Fig. 6. The humanoid robot James [10].

the next learning data, and evaluates the past learning from on-line expe-
rience. After the exploration, the robot optimizes mapping functions with
the collected learning samples off-line. These two stages are performed

successively. Motor behavior of the robot is generated by motor babbling i’mapping functions with the collected learning samples off-
U-spaceor S-space line. Motor behavior of the robot in thexploration stage
is generated by motor babbling d-spaceor S-space In
this experiment, we set the motor babbling Uhspaceas
functions. We adopted the hyperbolic tangent functjin) basic motor behavior. If the confidence of the state at time

in the second layer as follows: is high enough @s[t] > 3), the robot is allowed to search
v the minimum-confidence state in the discrete eight-neighbor
flo) = tanh(;)v (13)  states, and generate a motor command to direct to this state.

wherer is a constant value to control non-linearity ands B. Platform setting

the weighted sum of the inputs m}}o the units. . Experiments of the sensory-motor learning were performed
The parameters of the function; andwg,, are modified ;s5ing the humanoid robot James (Fig. 6). James is a fixed
for each inputz[t] to minimize the error|le[t]||* and  ypper-hody robotic platform dedicated to vision-based ma-
leu[t]||* defined by Eqn. (7) and (8), using the gradientniniation studies. It is composed of a seven dof arm with
descent method as follows: a dexterous nine dof hand and a seven dof head as shown

h 0 9 o 9 in Fig.6. It is equipped with binocular vision, force/torque,
Awglt] = - @Mt]\ - Awiilt] = _naw§k|e[t” ’ tactile, inertial sensors and encoders. Low-level input and
(14)  output of sensors and motors are processed in local control
where the constant) denotes a learning rate. cards, and high-level sensory-motor information can be han-
dled in local networks with anonymous numbers of servers
I11. EXPERIMENT and PCs [12].

We show experiments of sensory-motor learning dealing The selection of the sensory modality and types of motor
with visual sensing as a sensory input, and arm joints actuaontrol are not limited in this framework. In this experiment,
tion as a motor command effect. When proceeding iterationwe used the image data of the left eye as the sensory input for
of on-line joint movements and off-line learning, as illustratedthe sensory-motor learning system, and a velocity command
in Fig. 5, the confidence value defined by Eqgn. (11) increaseas the system output, which drives actuators of the left
as theoretically expected. The behavior of the algorithm willarm joints. Motor driving in the experiment was performed
be discussed in this section with the learning results usingtationary: the velocity command is sent to the joints during

the humanoid robot James (Fig.6). the first half of the temporal intervalt, while it is set as
i zero during the second half of the interval. Therefore, James
A. Learning strategy moves and stops at each time step.

The procedure of sensory-motor iterative learning is or- The input and output variables are summarized in Table II.
ganized in two stagesexploration and learning as illus- The sensory input vector is the horizontal and vertical coordi-
trated in Fig.5. In theexplorationstage, the robot generates nate of an attention object on an image obtained from the left
joints movements randomly (motor babbling) in order toeye camera, as shown in Fig. 7. The command output vector
collect learning samples, and evaluates the past learning. borresponds to the roll joint of the upper arm and the pitch
the learning stage, on the other hand, the robot optimizegoint of the shoulder. These joints movements generate the



TABLE I TABLE Il

INPUT AND OUTPUT VARIABLES. EXPERIMENTAL PARAMETERS
input output Parameter Value Definition
s[t] = (z1[t], z2[t]) ult] = (u1[t], ualt]) E 25 [epochf exploration-learnig cycle
x1: horizontal position| wuj: upper-arm roll K 50 [ts}** exploration iteration
x9: vertical position uz: shoulder pitch L 10,000 [ts] learning iteration
ot 4.0 [s] time step interval
nt 4 MLP units (1st layer)
g 5 nh 30 MLP units (2nd layer)
n° 2 MLP units (3rd layer)
n 0.01 MLP learning rate
T 1.0 MLP parameter
Dy, [-0.01, +0.01] | MLP initial weight domain
Sy {-1,0,+1} motor command set
0 G 10.0 motor input gain
«a 0.1 confidence gain
s *epoch: iterated number of the exploration and learning cycle.
BAlE Lo 1,’ **ts: descrete time steps.
: o 02
Joint Movements Object detection

number of the hidden units of MLRi;, is an design-oriented
Fig. 7. Experiment setting of sensory-motor learning. The robot moves iparameter, which defines the complexity of MLP connected
arm and the position of the arm is recognized by a green maker mountetD approximation performance. A value of[t] (i = 1,2)
on the hand during motor babbling was randomly selected from a finite
set: S, = {—1,0,+1} for simplicity, whereas the motor
command was proportionally amplified by the gaihand
horizontal and vertical view shift. Let us assume the attentiorsent to the motors.
object as a small green maker mounted on the left arm of
James. The object is detected based on the color feature. THe Results
color format of the obtained image is transformed from the Fig.8 shows maps of state prediction and motor command
RGB format to the YUV format to extract the hue of color estimation at the beginning and the late of the exploration-
robustly. The green regions on the image are filtered in thitearning epoch: top and bottom figures show the state and
domain. The conclusive coordinates of the attention object ismotor command maps, and left and right figures show the
the center of the extracted regions. The thresholds for filterinhegining map (at epoch 1) and the late maps (at epoch 20).
were experimentally determined, and are enough robust tim the beginning epoch, both plots concentrates in the small
detect the attention object against external visual noise sudomain, while in the late epoch, maps are widely spread
as lighting change and passing people in the experiment&b estimate the variables well. Even though the estimation
field. of the motor command are not accurate (see right bottom
When the robot is sampling data in the exploration stagefigure), the system can compensate its analogue outputs by
the orientation of the head in the task space is fixed foguantizing as{-1, 0, +1} for conclusive outputs. Comparing
simplicity. Therefore, the prediction system learns the posito the top and bottom figures of the actuated motor command
tion change of the attention object in the visual field caused: and the measured state we can see the nonlinearity
only by the self-generated arm movements. Therefore, if thérom U-spaceto S-spacesince the square-shape distribution
orientation of the head is modified, the state prediction anih U-spaceis mapped onto the nonlinearly distorted square-

control are disturbed [9]. shape distribution ifs-spacelt suggests that even if the robot
] performs the uniformly random motor babbling Wispace
C. Parameter setting the outcome inS-spacewhere the robot performs tasks, is

The experimental parameters are presented in Table IIhot uniformly searched. If uniform density of sampling data
where E [epochh] denotes the iterated number of the exis required in theS-space the robot must generate motor
ploration and learning cycleK and L [ts] (time steps) command in theS-spaceby using its acquired knowledge of
denote the number of data sampling and learning in eactmotor control:¥(-).
stage, respectively. The trajectories of the arm were generatedFig.9 shows the evolution of confidence for the state. The
at random in each epoch. In order to match domains ofeft 5x5 images show the state prediction confidence from
input/output values and initial weight coefficients of MLP, epoch 1 to epoch 25, while the right 5x5 images show the
all inputs and outputs values for MLP were normalized,state transition confidence. Brightness in the image indicates
and the initial weight coefficients were randomly selectedhigh confidence value (Confidence in [0,1] is mapped onto
from the finite domain:D,, as described in Table Ill. The the intensity in [0,255] proportionally). These two confidence
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Fig. 8. State maps and motor command maps. Left top: state map at epoch

1, Right top: state map at epoch 20, Left bottom: motor command map afig. 10. Active data sampling (left: state prediction confidence, right: state

epoch 1, Right bottom: motor command map at epoch 20. transition confidence). Motor command was generated in S-Space to change
the current state to the minimum confidence state in eight-neighbors.

maps correspond to the first and second exponential term of
Eqn. (10) accumulated by Egn. (11), respectively. The initial
Conﬁdence image iS |Ocated at the Ieft tOp and the ﬁnal one Based on a Sensory_motor prediction a|gorithm previously
is at the right bottom. The order of image arrangement is ”kemplemented [8], we defined a novel function calledn-
the Z-shape. In both image sets, we can see the increase fifence which works as a memory of reliability for state
intensity and area. During the iterations of exploration, theyrediction and control. The aim of this function is to store
confidence is accumulated. If the target marker is out of viewyhe reliability of learning result for the sensory input, and
in the experiment, the joint position is reinitialized at someexploit it for the next data sampling. If the robot is sure of
joint configuration, which allocates the arm near the center ofig perception and motor behavior, the robot can decide its
the view. This effect leads to sample data in the center of thgxploration and learning based on its learning interest, such
view more often than the corner of the view. The Conﬁdenceas Compensation Of Weak |earning part and reinforcement of
therefore, is greater in the center domain. Comparing to thgnportant motion primitives. The notion of robotionfidence
left and right image sets, the confidence value of the stat@as developed as the first step to understand the self and
transition iS |ESS than that Of the State pl’ediCtion. One Of thﬂqe environment Constructive|y. The approach was discussed
reasons for this difference comes from the us&ef as an  theoretically in this paper, and validated positively in some
input for W(-), instead of inpus(t+4¢] which is not available  experiments with a humanoid robot. Even if, in the experi-
for on-line evaluation at time, as discussed with Eqn. (4). ment, a simple case of prediction and control using visual
Fig.10 shows a motor behavior of active data samplingsensing and arm movements are examined, the proposed
The left and right figures show state prediction confidencenethodology is not limited in some specific modalities and
and state transition confidence at epoch 15, respectively. A$ open for any control approach.
the end of this epoch, the current state confidence is detectedOur global aim is to implement a learning process as a
as a higher value than the preset threshold, and then, motoatural adaptation and self-improvement for the robot. We
command was generated in S-Space to change the currenust then deal with the high-dimensional mechanism to
state to the minimum confidence state in eight-neighbors (ishow that our algorithm remains accurate when dealing with
this case, to the right state indicated by an arrow.) The activaumerous complementary sensor data, redundant kinematics,
data sampling is now in the preliminal level, however, theand dynamics. We are now applying the proposed method
experimental result suggests its availability. Farther analysito the general body recognition. If the robot finds an object
to trace the motor behavior of the active data sampling should/hich is predictable and controllable, it would be acceptable
be discussed in the next work. that robot regards this object as a part of its body. We

IV. CONCLUSION



think that this direction leads us to embody the robelf-
consciousnesby self-generated movements.
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