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Abstract— In this paper, we treat the active tactile object
recognition problem using an anthropomorphic robotic hand.
Regarding the exploratory action design, to avoid such undesirable situations that the robot might break the object or
might get a damage, the compliance of the robot behaviors is
important as well as the informativeness of the resulting sensor
data. However, most previous studies cannot consider these
characteristics simultaneously since they treat the planning
problem of exploratory actions separately from the robot
control problem. We propose to design the exploratory actions
using the formulation of the optimal control problem with
the robot dynamics. Our cost function is composed of two
terms: the informativeness and the energy consumption that can
promote resulting actions to be compliant. The effectiveness of
the proposed method is validated for the task of tactile object
recognition through physical simulations and experiments in
real environment.

I. INTRODUCTION
The ability of recognizing the situation based on data
obtained by such multimodal sensors as vision, auditory
and tactile sensors is important for humanoid robots in real
environments. For the efficient recognition, it is crucial for
the robots to plan and execute clever actions (referred to
as exploration actions) sequentially so that the resulting
sensor data become sufficiently informative. In this paper,
we treat the tactile object recognition problem using an
anthropomorphic robotic hand. More concretely, the robot
touches the target object by performing exploratory actions
to recognize it based on the obtained tactile data.
Regarding the exploratory action design, to avoid such
undesirable situations that the robot might break the object
or might get a damage, the compliance of the robot behaviors
is important as well as the informativeness of the resulting
sensor data. However, most previous studies cannot consider
these characteristics simultaneously since they treat the planning problem of exploratory actions separately from the robot
control problem (e.g. [1]–[4]).
In this paper, we propose to design the exploratory actions using the formulation of the optimal control problem
with the robot dynamics. The optimal control can find a
control law that minimizes the resulting cost function. We
propose the cost function that is composed of two terms:
the informativeness and the energy consumption that can
promote resulting actions to be compliant. As a criterion of
the informativeness, we adopt the mutual information. The
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effectiveness of the proposed method is validated for the task
of tactile object recognition through physical simulations and
experiments using an anthropomorphic robotic hand.
The remainder of this paper is organized as follows.
Section II describes the procedure of the active object
recognition and the definition of the action informativeness.
In Section III, our proposed method for the exploratory
action design is described. Section IV shows the result of
experiments. In Section V, our method is summarized and
its future work are also discussed.
II. PRELIMINARIES
A. Sequential Active Learning for Object Recognition
We treat the object recognition problem as a parameter
estimation problem [3]. We assume that each object has
the intrinsic parameter called object parameter, and this
parameter will be sequentially estimated using the tactile
sensor data obtained by the exploratory action.
Generally speaking, the procedure of the active object
recognition is summarized as follows:
Step 1: Set an initial guess of the object parameter for the
(unknown) target object using a probability distribution (called object’s belief).
Step 2: Design the optimal exploratory action based on the
current object’s belief.
Step 3: Obtain the observation (tactile sensor data) by executing the designed action to the target object.
Step 4: Update the object’s belief based on the observation.
Step 5: Repeat from Step 2 until the variance of the belief
becomes sufficiently small.
Step 6: Determine the result as the object which has the
nearest object parameter in the database.
B. Informativeness of Exploratory Action
We use the mutual information [5] as the criterion of informativeness for the exploratory action. The informativeness
of exploratory action for each update depends on the current
object’s belief represented as the probability distribution of
an object parameter θ. The mutual information I[θ, y|x]
evaluates the reduced amount of the object parameter’s
uncertainty when the observation y is obtained at the state
x. In other words, it represents the amount of obtained
information.
The mutual information is defined using Kullback-Leibrer

:;"-6$%&-.;#" u0:T −1
!"!#$%&'()*+,$)!%-.0

xt+1 = f (xt , ut )

/0$!",-12(#*!'$)!%-.0

yt = g(xt , θ) + ǫt

1213&4.5'+6$"-'.&
&&&&&&&6$7-6-8-.9&!'."+'%%*+

12A3&B#"#$%&4.5'+6$"-'.

!"#$%&)"$"* x0:T

3"4-+#5,$"-.*-60

pn (θ)
.!"/0'1-2+,&10"
""""2+3&2&4+,&10"510,-1%
!"#$%&$'"()*+,$!"#$%&
'()*+,$"-'. y0:T

Fig. 1. Overview of the proposed method. 1) Information maximization control consists of the following components: 1-1) Controller that designs
informative and compliant actions, 1-2) Mutual information calculation by the observation model constructed with Gaussian process regression, and 2)
Object’s belief update from obtained observation.

Divergence as follows [6]:
[
]
I θ, y|x ≜ KL(p(θ, y|x)∥p(θ)p(y|x))
∫∫
p(θ, y|x)
=
p(θ, y|x) log
dydθ,
p(θ)p(y|x)

B. Information Maximization Control

(1)

and it is also represented using the entropy H[·] as follows:
[
]
I θ, y|x = H[θ] − H[θ|y, x].
We can obtain the effective observation for the parameter
estimation by controlling the system to the state sequence
that maximizes this quantity.
III. P ROPOSED M ETHOD : O PTIMAL C ONTROL
A PPROACH FOR E XPLORATORY ACTIONS
A. Overview
The overview of our proposed method for the exploratory
action design is shown in Fig. 1. The whole process is
roughly divided into the two components. The first component is information maximization control that designs the
exploratory action considering informativeness and compliance. The design problem is formulated as an optimal
control problem (described in Section III.-B) with a mutual
information criterion for the informativeness definition. The
second component is belief update from obtained observation
by induced action (described in Section III.-C).
We assume that the robot and tactile sensor for the
object recognition are represented as the following the state
transition and observation equations:
xt+1 = f (xt , ut ),
yt = g(xt , θ) + ϵt ,

(2)
(3)

where x ∈ Rdx is the dx -dimensional (observable) state of
the robot, u ∈ Rdu is the du -dimensional input to the robot,
y ∈ Rdy is the dy -dimensional observation from the robot’s
sensor, θ ∈ Rdθ is the dθ -dimensional object parameter,
and ϵ ∼ N (0, Σϵ ), Σϵ = diag {σ12 , σ22 , . . . , σd2y } is the dy dimensional Gaussian observation noise. We also assume the
input of robot is limited to umin ≤ u ≤ umax .

We formulate the exploratory action design using the finite
horizon optimal control framework [7]. More concretely,
Step 2 in the procedure summarized in Section II. can be
considered as the problem to find an energy efficient and
compliant robot controller that generates a state sequence
inducing an informative observation sequence (described in
Section III-B-1). However, the informativeness is defined by
the mutual information (1) having the computationally intractable double integral form. To simplify the computation,
we utilize a Gaussian process observation model [3] as shown
in Section III-B-2. Note that the informativeness needs to
be maximized as described for exploratory action design,
while the optimal control problem is generally formulated as
a minimization problem of the cost. The mutual information
is converted into a cost to be minimized as shown later.
1) Approximate Optimal Control: We consider the optimal control problem: Find the control law ut = π(t, xt )
which minimizes the cost function for the system (2), that
is,
minimize J0:T
π

s.t. xt+1 = f (xt , ut ), umin ≤ u ≤ umax
where
J0:T = h(xT ) +

T
−1
∑

ℓ(t, x, u)

t=0

is the accumulated cost function, h(xT ) ≥ 0 is the terminate
cost, and ℓ(t, x, u) ≥ 0 represents the running cost. For the
exploratory action design, we set the cost function associated by the informativeness and the energy consumption as
follows:
ℓ(t, x, u) = q(xt ) + r(ut ),
where the first term q(xt ) is related[ to the] informativeness
defined by the mutual information I θ, y|x , and the second
term r(ut ) represents the energy consumption.
We utilize the iterative Linear Quadratic Regulator (iLQR,
[8]) as a computational efficient and scalable optimal control

solver: the linearized system around the initial state sequence
x̄0:T corresponds to the initial input sequence ū0:T −1 are
constructed, and the local LQR problem is solved for the
linearized system. The iLQR also gives a local feedback
gains Lt along ū0:T −1 , therefore, the control law can be
given by π(t, xt ) = ūt + Lt (xt − x̄t ) [8].
2) Mutual Information-based State Cost Function: The
observation model (3) is supposed to be modeled using
Gaussian Process Regression [9] for each dimension of y:
ya = ga (x, θ) + ϵa , a ∈ {1, 2, . . . , dy }. For given N -sample
training data set D = {x(i) , θ (i) , y(i) }N
i=1 , the predictive
distribution of ya is given as a Gaussian distribution:
p(ya |x, θ, X, Θ, ya )
= N (µa (x, θ; X, Θ, ya ), s2a (x, θ; X, Θ, ya ))
where X, Θ and ya are the training data set corresponding
to x, θ and ya respectively. The predictive mean µa and
variance s2a are given as follows:
2 −1
µa (z; Z, ya ) = kT
ya ,
a (Ka + σa I)
2 −1
s2a (z; Z, ya ) = ka (z, z) − kT
ka .
a (Ka + σa I)
[ T T ]T
Here, z = x , θ
∈ Rdz , dz = dx + dθ is
the input vector for the observation model defined for
the simplicity, and the vector ka is denoted as ka =
[ka (z(1) , z), . . . , ka (z(N ) , z)]T . The matrix Ka is the kernel
matrix with its (i, j)-th element Ka,ij = ka (z(i) , z(j) ). In
this paper, the kernel function defined for the calculation of
µa and s2a is assumed to be the following squared exponential
kernel function:
(
)
( )−1
ka (z, z′ ) = αa2 exp − 21 (z − z′ )T Hza
(z − z)

αa2

where
is the variance of ga . This selection of the
kernel function allows us to obtain the Gaussian predictive
distribution with approximation in sense of the 1st and
2nd order moments. Here, x and θ are assumed to be
independent, accordingly Hza is defined as a block diagonal
matrix Hza = block diag {Hxa , Hθa }, and Hxa and Hθa are
diagonal matrices with
{ positive elements.
} Hyperparameter to
be learned is γa = αa2 , σa2 , Hxa , Hθa , and it is optimized
by the marginal log-likelihood function [9].
Let us utilize the Gaussian distribution as the object’s
belief: p(θ) = N (µ, Σ), then the joint distribution between
θ and y given x is also given by a Gaussian distribution as
follows [10]:
([
] [
]
)
θ
µ
p(θ, y|x) = N
, Σ̃(x) ,
y
m(x)
[
]
Σ
C(x)
Σ̃(x) =
CT (x) Φ(x, x)
where Φab which is the (a, b)-th element of Φ(x, x′ ) ∈
Rdy ×dy , and C(x) ∈ Rdθ ×dy are defined as follows:
Φab = βaT Λab (x, x′ )βb − ma (x)mb (x′ )
(
(
))
+ δxx′ δab αa2 − Tr (Ka + σa2 I)−1 Λaa (x, x′ ) ,
C = Ψ(x) − µm(x)T .

The a-th entry of m(x) ∈ Rdy is ma = βaT λa (x), and
βa is defined as βa = (Ka + σa2 I)−1 ya ∈ RN . Enjoying
this result, the double integral in Eq. (1) can be evaluated
analytically, and it is represented using the training data and
the hyperparameter as follows:
(
)
[
]
det Σ̃(x)
1
.
I θ, y|x = − log
2
det Φ(x, x) det Σ
See the appendix for the definition of Λab (x, x′ ) ∈ RN ×N ,
and refer to [3] or [4] for the details of λa (x) ∈ RN and
Ψ(x) ∈ Rdθ ×dy .
Since larger value of the mutual information indicates
more informative, the term q(x) in the running cost is defined
using a certain monotonically decreasing function v(x) ≥ 0
as:
([
])
q(x) = v I θ, y|x .
C. Belief Update Based on State Sequence
The optimal action is planned based on the present belief
pn (θ) = N (µn , Σn ) as described before, and then the
n
state sequence xn0:T and observation y0:T
are obtained by
executing the action for the target object. Based on Bayes’
rule
( n
)
p y0:T
|xn0:T , θ pn (θ)
( n
)
pn+1 (θ) =
p y0:T
|xn0:T
and
( nGaussian
) approximation of the marginal distribution
p y0:T
|xn0:T , the mean and the covariance are updated as
follows:
µn+1 = µn + Cn Sn−1 (Yn − Mn ),
Σn+1 = Σn − Cn Sn−1 CnT
where Cn ∈ Rdθ ×(T +1)dy , Sn ∈ R(T +1)dy ×(T +1)dy , Yn ∈
R(T +1)dy , and Mn ∈ R(T +1)dy are defined as follows:
]
[
Cn = C(xn0 ) · · · C(xnT ) ,


Φ(xn0 , xn0 ) · · · Φ(xn0 , xnT )


..
..
..
Sn = 
,
.
.
.
[

Φ(xnT , xn0 )

(y0n )T · · ·
[ (
( ) )T
Mn =
m xn0
Yn =

···

Φ(xnT , xnT )
]T
(yTn )T
,
( ( ))T ]T
···
m xnT

where Cn and Sn are the cross-covariance matrix between
n
n
y0:T
and θ, and the covariance matrix of y0:T
respectively.
This is an extension of the one-sample belief update law
described in [3].
The object recognition is achieved by repeating the optimal action planning and belief updating as described previously. The terminate condition is set by threshold e.g.
∥Σn ∥2F < ϵ with the suitable threshold ϵ, or after nmax
times repeat. Finally, the recognition result is obtained as
the object corresponding to the nearest object parameter θ
in the database.

IV. EXPERIMENTS
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A. Experiment 1: With Physical Simulator
1) Simulation Settings: We verify the effectiveness of our
proposed scheme using the one link robot arm model shown
in Fig. 2. The joint range is limited to −π/2 ≤ q ≤ π/2, and
its equation of motion are discretized in a Euler integration
manner with the sampling time ∆t = 0.01[s]. We assume
that the 2 DoF pressure sensor is mounted on the tip of the
arm in order to obtain the observation. The reaction force
model f1 with the spring K and the damper D for the object
as shown in Fig. 2 is supposed for the horizontal axis, and the
dynamic friction model f2 with the coefficient of dynamic
friction µ′ is also assumed for the vertical axis as follows:

K

2/"/&

+ 1000 exp(−10(15 − q̇))
+ 1000 exp(−10(15 + q̇))
where ρ(n) > 0 is a constant in order to change the maximization problem of the mutual information to the minimization problem, and experimentally ρ(n) = 10 exp(−0.2n2 ) is
used since the magnitude of mutual information will decrease
by belief’s updates. The 3rd and 4th terms in the running cost
play a role of the penalty term as the angle velocity does not
exceed the range of training data. The terminate cost is set
to h(x) = ℓn (T, x, 0). The initial object’s belief is given
p0 (θ) = N (3, 52 ), where its mean is equal to the mean of
the object parameter in the training data.

u, q, q̇

0

D
ξy
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Fig. 2. Problem setting for Experiment 1. A tactile sensor is mounted on
the tip of 1 DoF robot arm. As the object model, the spring-damper model
is assumed for the horizontal direction, and the dynamic friction model is
also assumed for the vertical direction.

f1 = −(Kξx + Dξ˙x ),
f2 = −sign(ξ˙y )µ′ f1

!

I(x)

where ξ = [ξx , ξy ]T is the tip position of the arm.
In this experiment, the object recognition problem is
regarded as the damper coefficient estimation problem: the
object parameter θ = D is estimated using the exploratory
action.
Let us describe how to learn the GP observation model.
The spring coefficient and the dynamic friction coefficient are
fixed as K = 1 and µ′ = 0.5 respectively, and we prepare
[
]T3
target objects D ∈ {1, 3, 5}. The observation y = f1 , f2
[ ]T
and the state x = q, q̇ are defined, and the training data D
is constructed as follows: the range of state is set to −π/2 ≤
q ≤ π/2 and −15 ≤ q̇ ≤ 15, and a 15 × 15 grid is arranged
at equal intervals on the range. We obtain the observation
y for each grid point. The total number of training data is
N = 675. The object’s belief update is executed nmax = 10
times.
Next, let us explain the settings for the information
maximization
[
]T control. The initial state is fixed to x0 =
−π/2, 0 , and the length of the exploratory action is set
to T = 100. The initial input sequence is set to ut = 3 for
t = 0, 1, . . . , T − 1. The running cost based on the belief
pn (θ) is defined as
(
[
])
ℓn (t, x, u) = exp −ρ(n) I θ, y|x + ru2

g
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Fig. 3. Distribution of the mutual information based on the initial object’s
belief p0 (θ) = N (3, 52 ).

2) Result: Firstly, the mutual information distribution
based on the initial object’s belief p0 (θ) computed using the
GP observation model is shown in Fig. 3. The force from
the damper depends on the velocity in the direction of the
horizontal axis ξ˙x . The velocity ξ˙x is gotten zero when the
angle q = 0 and larger force from the spring is observed.
Accordingly, the information about the damper could be
buried in other information. Whereas, more information
could be obtained when the absolute value of the angle |q|
is close to π/2. Consequently, we regard this distribution as
appropriate.
Secondly, the recognition result is shown in Fig. 4. The
input torque sequences obtained at n = 0 by our method
are shown in the upper row of Figs. 4(a)-(b). For both cases
with different values in r, the energy efficient and compliant
exploratory actions are generated by the proposed method
and the object recognition is successfully achieved. The
balance in between the informativeness and energy efficiency
is adjusted by the r: the larger value in r (Fig. 4(b)) generated
energy-efficient actions, however, it is less informative as
evidenced with the slower convergence of the belief updates
than the smaller value (Fig. 4(a)). It was also confirmed that
all the elements of local feedback gains L were relatively
small for all the cases. Therefore, the generated controllers
are compliant.
As the comparison, we implemented the PD controllers
which generate the control input for achieving the desired
state xd = [π/2, 15]T , and here this planning has done separately from control problem. The most informative action
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(c) High Gain PD

(d) Low Gain PD

Fig. 4. Results in Experiment 1. Regarding (a-b), more compliant but less informative actions are designed for the larger value in r. (c) This result indicates
that the high gain PID controller gives informative actions. However, these are not compliant. (d) In contrast with (c), the actions are not informative but
compliant. [Upper row] The left figure shows the input torque sequence of obtained exploratory action at n = 0, and the right figure shows the trajectories
of arm for each action corresponds to the torques shown in the left figure. The color of the tip corresponds to the time. [Lower row] The horizontal axis
shows the number of updates of the object’s belief and the initial belief is set to p0 (θ) = N (3, 52 ). The true object parameter is D = 1 shown using
light blue line. The black line and gray region stand for the mean and standard deviation of the belief pn (θ) respectively.

is obtained using the high gain PD controller as shown in
Fig. 4(c) but the obtained action is energy inefficient since
the large torque sequence is generated. In contrast, a more
energy efficient action is obtained using the lower gain PD
controller as shown in Fig. 4(d); nevertheless the convergence
of the belief is slower as compared to the other methods since
the planed action is infeasible by the controller.
These experimental results show that our proposed method
can generate energy efficient and compliant exploratory
behaviors.
B. Experiment 2: With Actual Robot
1) Experimental Settings: The effectiveness of our proposed scheme is validated by the robot hand system shown
in Fig. 5(a). We prepared L = 4 objects as recognition targets
shown in Fig. 5(b). This experiment was done with the robot
hand (Shadow Dexterous Hand by Shadow Robot Company),
and the tactile sensor mounted on its fingertip (BioTac by
SynTouch) shown in Fig. 5(c). While this robot hand has
12 DoF, in this experiment we focused on 2 DoF, FFJ3 and
FFJ4, as shown in Fig. 5(c) because of the limitation of the
scalability (see Section V for the detailed discussion). These
joints can generate actions that correspond to inflective and
horizontal movements of the index finger, respectively. The
angle position controller is provided with Robot Operating
System (ROS), and the controller regulates the inner pressure
of each pneumatic artificial muscles. Its maximum control
rate and sensor data collection frequency are both 1000Hz.
We describe below the details of the dynamics model and
the observation model.
The dynamics model (2) of this robot hand is difficult
to derive analytically because of the complex properties
of the pneumatic artificial muscles. Instead, we identified
it from training data using a nonlinear discrete-time ARX

(a) Overview
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(b) Target objects

(c) Robot hand and tactile sensor

Fig. 5. Experimental settings for Experiment 2. (a) Overview of our robot
hand system. The robot touches the objects on the turntable. (b) Target
objects in this experiment. (c) 12 DoF robot hand and tactile sensor. Each
joints are driven by pneumatic artificial muscles placed antagonistically. We
use 2 DoF corresponding to inflective (pushing) and horizontal (rubbing)
movements of the index finger respectively. The tactile sensor is mounted
on the fingertip.

model whose nonlinearity is wavelet network and one-layer
sigmoid network and whose sampling period is set to 0.01s.
This are implemented in the MATLAB System Identification
Toolbox. The state x here is dx = 4 dimensional x =
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A.obj1̲tumbler = A.obj1̲tumbler(500:end-500, :);
A.obj2̲sponge = A.obj2̲sponge(500:end-500, :);
A.obj3̲papercup = A.obj3̲papercup(500:end-500, :);
A.obj4̲bumpycup = A.obj4̲bumpycup(500:end-500, :);
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Fig. 6.
Object parameters obtained by object manifold learning. In
Experiment 2, the object parameters for all the objects are identified.

[
]T
qFFJ3 , q̇FFJ3 , qFFJ4 , q̇FFJ4 , where qFFJ3 and qFFJ4 are
the joint angle of FFJ3 and FFJ4 respectively, and q̇ stands
for each joint velocity. The joint angle ranges of FFJ3 and
FFJ4 are 0 ≤ qFFJ3 ≤ π/2 and −π/9 ≤ qFFJ4 ≤ π/9
respectively. Here, each input uj , j ∈ {FFJ3, FFJ4} is
defined as the difference between the desired angle qjd and the
actual angle qj , uj = qjd − qj . In the training data collection,
the desired angle was set to their maximum and minimum
joint angles alternatively. The independency between joints
are assumed, therefore, two dynamics models are separately
learned for those joints. The total number of training data is
26,765.
The BioTac sensor gives pressure, vibration, and temperature as tactile information. In this experiment, dy = 3
dimensional tactile feature was used; 1-dimensional pressure
data and 2-dimensional impedance data, all of which were
obtained by using ROS. We collected 100-sample training
data for each objects and the number of whole training data
was 400. This data collection was done as follows: We design
a random trajectories for each joint, and tens of thousands
data is collected. And then, 100 data for each object is
selected randomly. The object parameters were given by the
object manifold learning scheme [4] as shown in Fig. 6.
[
]T
Here, the initial state was fixed to x0 = π/12, 0, 0, 0 ,
and the length of the exploratory action was set to T = 100.
The initial input sequence is set to ut = [0.2, 0.3]T for t =
0, 1, . . . , T − 1. The running cost was set to
(
[
])
ℓ(t, x, u) = 10 exp −ρI θ, y|x + uT
t Rut
+

4 (
∑

exp(−10(xj,max − xj ))

j=1

+ exp(−10(−xj,min − xj ))

)

where ρ = 30, R = 0.1I, xj,max and xj,min stand for the
maximum and minimum values of the j-th entry of the state
in the training data for GP model construction respectively.
The object’s belief p0 (θ) = N (µ0 , Σ0 ) was given by
µ0 = [0.8, 0.5]T and Σ0 = 0.22 I, which means that it is
uncertain whether the target object is O2 (Dumpy Cup) or
O3 (Sponge). The exploratory action is designed under the
conditions.

!"

Fig. 7. Input of obtained action in Experiment 2. Positive values indicate
that the joint moves a direction which increases the joint angle. The joint
FFJ3 (blue) generates pushing movements, and the joint FFJ4 (green)
generates rubbing movements. This input sequence lets the robot push and
rub the object simultaneously.

2) Results: The computed input sequence u is shown in
Fig. 7. Here, the joint moves to a direction which increases
its joint angle if the positive values are inputed, because uj
stands for uj = qjd − qj . As you can see in Fig. 7, the robot
starts to push and rub simultaneously. Intuitively speaking, to
discriminate dumpy cup and sponge, the finger should push
the object to confirm its stiffness, and also rub the object
to check the dumpiness. The obtained action is shown in
Fig. 8. The upper row of Fig. 8 shows the action sequence
at t = 0, 20, . . . , 100 and the lower row shows the pose
difference from the pose at t = 0. Inflective movements were
firstly observed (t = 0 to t = 40) due to hardware properties
and the initial state; the joint’s movement gets slower if its
angle is close to its limit, and the margin between the initial
state and the angle limit of FFJ3 is wider than FFJ4. And
then horizontal movements are observed (t = 40 to t =
100). It was also confirmed that the generated controllers
are compliant since all the elements of local feedback gains
L were relatively small. This movement can be interpreted
as a suitable exploratory action to reduce the uncertainty in
between the objects O2 and O3 . The further investigation is
required, but these results suggest that the effectiveness of
our proposed method for exploratory action design in real
environment.
V. DISCUSSIONS
We tackled the exploratory action design problem, and
proposed information maximization control based on an optimal control approach. Our contribution is that the exploratory
action design considering both the informativeness and the
compliance is formulated as an optimal control problem.
The effectiveness of our proposed method was investigated
through experiments using simulated and real robots.
In some previous studies, similar methods have attempted
to solve different problems as an optimal control problem.
The active sensing problem (e.g. [11], [12]), such as field
modeling of the environment is addressed with a mutual
information criterion. However, contactless sensor, such as
a laser rangefinder, or a vision sensor are targeted in those
studies, in other words, compliance is not considered in the
exploratory action design.

t=0

t = 20

t = 40

t = 60

t = 80

t = 100

Fig. 8. Obtained action in Experiment 2. Intuitively speaking, to discriminate dumpy cup and sponge, the finger should push the object to confirm its
stiffness, and also rub the object to check the dumpiness. The upper row shows the action sequence at t = 0, 20, . . . , 100 and the lower row shows the
pose difference from the pose at t = 0. The robot starts to push and rub simultaneously. Inflective movements are firstly observed (t = 0 to t = 40) due
of hardware properties and the initial state, and then horizontal movements are observed (t = 40 to t = 100).

One of our future works will be an extension of scalability of the method. The computational complexity of
our method is relatively large because of GP observation
models. A simple method for the complexity reduction is
to utilize approximation methods (e.g. [13], [14]). Using
these simplifying method, we will validate the recognition
rate of our proposed method. The effectiveness evaluation in
more realistic scenarios would be interesting. We validated
our method using 4 actual objects in the experiment. We
are now conducting the experiments with more objects to
investigate the scalability of our method. Furthermore, multimodal sensors are generally available on humanoid robots,
so the extension of the method for such sensors will be also
addressed.
APPENDIX
A. Definition of Λ
Using the training data and hyperparamters, Λab,ij which
is the (i, j)-th entry of Λab is represented as follows:
(
)− 12
(( )
( θ )−1 )
2 2
θ −1
Λab,ij = αa αb det
Ha
+ Hb
Σ+I
( (
)T ( θ )−1 ( (i)
))
× exp − 21 θ (i) − θ (j)
Hab
θ − θ (j)
( (
)T
( ij
))
ij
× exp − 12 θab
− µ R−1
θ
−
µ
ab
ab
( (
) ( x )−1 (
))
(i) T
1
× exp − 2 x − x
Ha
x − x(i)
( (
)T ( x )−1 ( ′
))
× exp − 12 x′ − x(j)
Hb
x − x(j) ,
where Hθab = Hθa + Hθb and
(
)−1 (i)
(
)−1 (j)
ij
θab
= Hθb Hθab
θ + Hθa Hθab
θ ,
(( )
)−1
(
)
−1
−1
Rab = Hθa
+ Hθb
+ Σ,
are defined.
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