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Abstract— To improve the flexibility of robotic learning, it
is important to realize an ability to generate a hierarchical
structure. This paper proposes a learning framework which
can dynamically change the planning space depending on the
structure of tasks. Synchronous motion information is utilized
to generate modes and different modes correspond to different
hierarchical structure of the controller. This enables efficient
task planning and control using low-dimensional space. An
object manipulation task is tested as an application, where an
object is found and used as a tool (or as a part of the body)
to extend the ability of the robot. The proposed framework
is expected to be a basic learning model to account for body
image acquisition including tool affordances.

I. INTRODUCTION

Hierarchical learning is an important issue to improve
learning ability of robots. In some researches of hierarchical
learning, navigation in large building like complex mazes
[1], [2] or controlling a robotic arm with multiple joints [3]
are investigated as examples of large and complex problems.
Apart from those high-dimensionalities, one aspect of the
complexity in robot tasks is that it involves objects whose
shapes can vary depending on situations and the objects
can play various roles; a target to be carried, an obstacle
to avoid collision, or a tool which can be used to achieve
different objectives. The existence of the objects makes tasks
diverse (various objectives and situations), complex (different
dynamics depending on contact or non-contact) and high-
dimensional (configuration space).

As an approach to the complex control problems, it is
known that some behaviors of the robotic system can be
realized by combination of multiple modules, each of which
has relatively small dimension, even though the DOF of
the total system is very large. For example, subsumption
architecture [4] realized flexible and adaptive behaviors of
locomotion robots with high DOFs, while individual module
in the architecture played rather simple role such as collision
avoidance or simple maneuver. Such architectures realize
flexibility by focusing on just a part of the total system,
where the part in focus flexibly varies depending on the
situations and objectives.

In this paper, a learning architecture that can account
for such variable focus in robotic motion learning with
objects is proposed. A ‘part in focus’ is interpreted as a
space for motion planning in this research. By changing or
‘shifting’ the planning space, the architecture can be applied
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to diversity of tasks. In the proposed architecture, variables
to be controlled can be variant, differing from the multiple-
module learning model [5] where the state variables and
control variables have to be invariant.

One possible application of planning-space shift learning
is a problem of adaptive tool-use. An object can be utilized
to extend reachable region of a robot when the robot can
move it. That is, the robot can use the object as a tool.
The ability of tool-use has gathered attention partly because
it is deeply related to the issue of affordance [6] and
body schema, that are frequently discussed in the field of
developmental robotics [7]. Stoychev proposed a behavior-
based approach to realize representation of tool use [8].
Nabeshima er al. also proposed a learning framework for
tool-use [9]. This paper aims to propose a more general
and more ‘bottom-up’ description of hierarchy generation.
Thus, the proposed architecture does not utilize any explicit
representation of ‘tool’ and it uses just the information of
motion synchronousness.

In II, problem settings for the proposed learning architec-
ture is described. The learning architecture is proposed in
II, followed by evaluations by simulation in IV.

II. PROBLEM DESCRIPTION

For simplicity, it is assumed that all motions of the robot
and the objects are quasi-static." The objects are assumed to
be polyhedral or spherical rigid bodies. Let n be the number
of joints of the robot arm and m the number of the objects,
which move only through contacting with the robot hand or
other objects, i.e., they do not move by themselves.”? The
state variables of the system are the followings:

« Variables which express the configuration of the robot;
6cOCR”
o Variables which express the configuration of the object;
g, €R™,..- g, €R"
The objective of the robot task is to move an object to a
certain desired configuration. Which object should be moved
and its desired configuration are given on-line. The agent can
observe the following variables in addition to configuration
of the robot 6 :

« Position of the robot hand (end effector) h(8)
o Configuration variables of the objects measured from
image inputs to the robot
These variables are presented to the agent as the observation
vector y € Y C R, Initially, these variables are not distin-

DThus, velocity components can be omitted from state variables.
21t is assumed that the robot contacts with objects only at its hand.
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guished by the agent and the number of the object or DOFs
of motions of them are also unknown. The configuration
variables of objects are denoted by [qf,--- , gL ]T. The i-th
component of observation variable y is denoted by y;(t),i =
1,---,¢¥. The agent does not know the correspondence
between the elements of y and the observed position of the
robot hand, nor the functional relations among the elements
of y (including the kinematics of the arm).

At each time step, the robot can change its configuration
variables. That is, u = A# is the control input to the system.
The followings are assumptions on the tasks:

o Contact of a new object with moving ones and the hand
happens only to the object which has begun moving last.
It is also assumed that only one object will start moving
at a time. Therefore the moving objects and the hand
form a chain.

« The movement of an object is affected only by the
object which is positioned closer to the robot hand and
therefore the direction of the effect of object motions is
unidirectional.

o The relationships between any two moving (and con-
tacting) objects (hand) are described by mappings
among the configuration variables of them without
redundancy. The mappings do not depend on the contact
positions on the objects.

ITII. LEARNING STRUCTURE

The learning structure proposed in this paper is constituted
by the four basic functional components. An overview will
first be presented in the following subsection and following
to this the detail of the algorithm will be described.

A. Basic idea of planning-space shift

The agent repeats trial motions while resetting the con-
figurations of the robot arm and the objects (the reset is
done once a certain steps of the motion). The agent initially
yields random action controls and observes y and collects
them with control «. An example with ¢ = 5 is shown in
Fig.1 and Fig.2. Initial random movements of the robot body
causes changes of the corresponding observation variables.
By detecting synchronous motions through the observation of
changing variables in y, one can find a group of observation
variables which are directly affected by the motion of the
robot itself (these correspond to the configuration variable of
the robot hand). In this example, y3, y4 and y5 are grouped as
a set (Fig.1). Let )y C R? (corresponding to {y3,¥4,¥s5}).
By collecting the data of @ and ys,ys4,ys for some time
period, one can obtain a functional relationship between 0
and ys, 4, ys represented as a mapping from O to ) and
the inverse mapping from ) to ©.

After some exploration, it may happen that variables y;
and yo also change. This change of {y1,y2} is regarded to
be caused by the change of {ys,ya,ys5}. This observation
corresponds to the fact that an object (corresponding to
{y1, y2}) starts moving by contacting with the moving robot

31n this paper, i-th component of vector @ is denoted by x;.
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hand (corresponding to {ys, y4, y5}). Similarly to the above,
the second group of variables Vo C R? (corresponding
to {y1,y2})is introduced. The case where only variables
Y3, Y4, Ys change and the case where y1,--- ,ys change are
called mode 1 and mode 2, respectively. Similarly to the case
of mode 1, the inverse mapping from )> to ) is acquired.
Using the mapping, it is possible to generate a trajectory in
Y1 when a desired trajectory in )s is given.

The constructed mappings can be used when a task
is given to the robot system. For instance, let a desired
configuration for {y;,y2} is given as a cross depicted in
Fig.3. First, a total trajectory with mode transitions (more
strictly, a succession of points on boundaries) is planned as
shown as a succession of arrows in the right part of the
figure. Up to point p;5 indicated in Fig.3, the trajectory has
to be retained in mode 1, i.e., only variables ys3,y4, Y5 can
change but y;, yo must be constant. For this, we can use the
constructed mapping from ) to U. After transition to mode
2, the mapping from ) to ); is used while maintaining
mode 2. Note that in the case of mode 1, the space for
planning is );. Then later in mode 2, the planning space
shifts to )s.

From the perspective of hierarchical structure, control
variables in U ‘obeys’ the trajectory defined by observation
variables in ); in mode 1 (Fig.1). Next in mode 2, the
trajectory in ) is dominated by the trajectory defined in
Yo (Fig.2). Thus, different relations of dependence among
groups of variables can be seen in each mode, where some
groups of variables in the upper layer dominates the behavior
of other groups of variables in the lower layer. The relation
between two groups of variables can be regarded as hierar-
chy. In this sense, the proposed architecture can be regarded
to generate hierarchy autonomously.

This architecture brings two advantages:

o The motion-planning space is not pre-defined. The plan-
ning framework can be flexibly applied to various tasks
with different objects and different number of objects.

o The exploration space is divided into lower dimensional
spaces ()1 and )s in the present example) and this
makes the exploration more efficient.

The proposed learning structure has the following func-

tional components:

1) Mode generation by motion synchronousness:

Modes are generated by grouping observation variables
based on motion synchronousness. Observation vari-
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ables are stored for estimating the boundary between
modes.

2) Acquisition of motion mappings with consideration of

mode keeping and mode transition:
Mapping from a group of observation variables to
another group is estimated. This mapping is used to
generate motion in a mode when a desired motion in
another mode is given. Within each mode, there can be
two strategies for control; 1) to keep the same mode
without any occurrence of mode transition, and 2) to
make mode transition to a certain target mode.

3) Exploration and estimation of reachable region:
Using the motion mappings mentioned above, each
mode is explored. During exploration, observation vari-
ables are stored to estimate reachable regions.

4) Planning and control via multiple modes:

Once a desired configuration of a certain object is given
to the robot, the total trajectory is planned by finding
via points on the boundaries among modes (pi2 in
Fig.3). Parameterization of boundaries is used for this.

These processes can be conducted simultaneously, but we
execute and evaluate each process one by one, for simplicity.
The following subsections give the details of the components.

B. Mode generation using motion synchronousness

Recall that vector y = [y1,---,y¢]? € YV C R’ is the
observation vector. y(t) denotes the observed value of y at
time ¢. In order to detect synchronousness among observa-
tion variables, time differences of observation variables are
defined as

Ayi(t) = yi(t) — yi(t — 1),
With Ay, (t), its indicator set I is defined as

IC(t) = {Z’laiQ, e 7Zk‘Ayl7 (t) # O’j = 1, e 7k’
Ay, (t) = 0, otherwise}.  (IIL.2)

i=1, 0 (IIL1)

Hereafter, the terminology ‘mode’ will be used to denote
different indicator sets. When a mode that has never been
encountered is experienced at time ¢ and let k£ be the current
number of modes, mode k + 1 is newly created and corre-
spondingly the indicator set is represented as I, ékH) = Ic(t).

Suppose mode transition from ¢ to j, which means the set
of moving objects has changed. This include two cases; 1)
an object that has been isolated begins to move by contacting

with the moving objects, and 2) a part of a group of objects

that have been moving is separated and stops moving. In
general, any one of the group of moving objects can contact
with an isolated object and any part of the group of moving
objects can be separated. Based on the assumption described
in II, however, connection of the objects is generated in a
chain-form (i.e. not in a tree-form) and contact or separation
happens only at the tip (object) of the chain. Thus, at mode
transition from ¢ to j, either of Ig) - Ig) or I(CJ) C I(CZ)
holds. The former corresponds to the beginning of motion of
an isolated object and the latter corresponds to the separation
of the object at the tip of the group of moving objects.

Now let k be the current number of the group of observa-
tion variables, that is, k—1 objects have been found excluding
the hand. We consider the former case of Ig) C Ig ), the
case where a new object has been found at transition from
mode ¢ to j. The observation variables which correspond to
an object that begins to move is defined as

y(k+1) = [yiuyiw e ayi‘f(k-%—l)]T? Z-U« € Ig) - Ig)7 (IH3)

where f(k+ 1) denotes the number of observation variables
that correspond to (k + 1)-th object. V41 is defined as

Vir1 = {yFD|yk+1) ¢ RFGHDY (IIL.4)

Note that the distinction between ‘what can be controlled’
and ‘what cannot be controlled’ is obtained through the
grouping of the observation variables. The indicator sets
of I};, e ,I’g;“ give the observation variables that can be
controlled and the remaining indicators denote that those
observation variables are impossible to control so far. The
sense of ‘agency’ is expressed as controllable variables of
Vi, Viy1 in this framework.

Suppose that the current mode is ¢ and k-th group of
observation variables is moving at the tip of the chain. Set
of stored observation variables for k-th group is defined as

Oy = {yM (1) C W™t st Io(t) = I}

The boundaries among different modes can be estimated by
collected observation variables at the moment when a mode
changes to another mode. When mode changes from ¢ to
j (or j to i) by connection of k-th object with ¢-th object
(or by separation of /-th object from k-th object) 4 which
means [ 8) clI g ), the database for boundary approximation
is denoted by B; ; as

(IIL5)

Bi; ={lyi.y3]" |y € Oy, y2 € Oy }. (IL.6)

B; ; is a set of observation variables between mode 7 and j.
A transition mode set M, is defined as the set of modes
to which mode transition is possible from mode i. It is
expressed by B, ; as M; = {j|B; ; # 0}.

C. Estimation of mode boundaries using SVM

To get boundary equations between modes, non-linear
Support Vector Machine (SVM), which is known as a non-
linear classifier with kernel functions [10], is used. For
classification between mode 4 and j, vectors in B; ; are used.

“'Here note that ‘object’ includes the robot hand.
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Let mg denote the total number of data and n, denote the
dimension of vectors ([y7,y2]7 in (IIL.6)). Vectors in B; ;
are rearranged into data vector ap € R™ k = 1,---  mg.
d € R™s is a vector with plus or minus ones, where plus
and minus of dj, correspond respectively to modes ¢ and j of
ay, where i < j. Hereafter, let = [y?,y2]7. In non-linear
SVM with Gaussian kernel, by introducing kernel function
K as

_ 2
K(z,ay) = exp (_M) , (IL.7)

o
where o denotes a width parameter for the Gaussian kernel,
separation surface between two classes is expressed as

Z dywi K (x,ax) =0, (II1.8)
k=1

where w is a solution of the following optimization problem:
1
min {2wTwa — eTw} ,e=[1,---,1]T e R™, (IIL9)

where () is given by

Q:1+HHT, H = D[A—¢e],v>0.
14

(II1.10)
D = diagldy, -+ ,dm.], A = [a1, -+ ,a,.]T and v is a
parameter for the optimization problem . For implementation
of optimization in (II1.9), Lagrangian SVM is applied [11].

The boundary information obtained by SVM is used for
1) generation of mode keeping (and mode transition) motion
mappings and 2) planning using via points on the boundaries
with parameterization.

D. Mode-transition and mode-keeping motion mapping

This section describes how to generate motion in ); when
a desired motion in Y; is given, supposing that there exists
transition of modes from ¢ to j. This motion mapping com-
ponent described in this section is used in control described
in III-G.

For mode j, motion information is collected through
random exploration and stored, where a motion in Y is
caused by a motion in };. The stored data is used to construct
an inverse mapping (regarded as motion transformation)
between groups of observation variables in ); and ).
Fig.4 shows an example of motion transformation between
groups of variables ); and ));, denoted by G; ;. Motion
transformation G ; receives a vector in ); as an input and
gives a vector in ); as an output. As a result it can generate
a trajectory in )); so as to realize a given input trajectory
in );. One way to realize such a transformation is to apply
a non-linear function approximator such as the feed-forward
neural network (hereafter denoted by NN)[12]. Let f; ; (y9))
denote the output of NN (after training) for input %/). When
desired displacement Ay(/) is given at time ¢, displacement
in Y; can be calculated by

AyD = fi (yD () + AyD) — fi i (yD (1) (L1

using the outputs of NN.

motion transformation

Api—p G — Ay”
L)
desired motion motion in yi
in J,‘ which realizes desired motion

Fig. 4. Motion transformation between Y; and Y;

To generate a motion which keeps the same mode, it is
necessary to explicitly avoid the mode transition in addition
to using the above-mentioned inverse-mapping. Here we
consider that the current mode is j and suppose that it is
required to avoid mode transition from j to k, where k €
M. Mode keeping motion generator can be designed using
boundary information of SVM. Recall that the discrimination
between two modes is given by F(z) < Owhere

F(z) = deka(a:,ak).
k=1

(II1.12)

By introducing a potential function as ®(z) = {F(x)}?,
an algorithm to derive a motion in ); to explore in mode j
randomly is shown in Algorithm I.

Algorithm I Motion generation with mode keepin
- g g ping ™

1) Set found = false
2) While found = false repeat:

o Set Ayfgg) = rand
o If F([yWDT + Ayt(%T,y(k)]T) >e k€
M, then found = true
« FElse repeat for n, times (n, > 0):
a) Set Ay = Ayl —1 afji)
) IfF([yD T+ Ay Ty W) > e, ke
M;, then found = true and break

3) Output Ay(®) with Ayl = Ay) using (IL11)

Here, 1 is a coefficient to determine the displacement in
Y; and e denotes a threshold value to judge that it is
close enough to the boundary of mode transition. ‘rand’
denotes a random vector generator. Before deciding Ay,
it is checked whether current mode j is maintained using
discrimination function F. If it is judged that the mode
might change, the small displacement Ay is modified to
be further from the boundary of the modes using gradient of
potential function .

E. Parameterization of mode boundary

As described in III-A, it is necessary to parameterize
boundaries between modes to identify where to make transi-
tion on the boundary for the total planning accompanied with
mode transitions. Let us consider parameterization of bound-
ary between mode 7 and mode. The parameterization is done
for each discretized y/) as shown in Fig.5. In this paper, a
method for one dimensional parameterization using nodes
is introduced (here assuming for simplicity that boundaries
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Fig. 5. Parameterization of bound- Fig. 6. A curve model constructed
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are one-dimensional manifolds in two-dimensional space >

). Thus, a curve for boundary estimation is generated in );
space (here we assume that ); C R?) by nodes.

Now let g, € R? denote a point on the boundary between
mode ¢ and mode j which we call hereafter k-th node and
L denote the number of nodes. A curve from k-th node to
(k 4+ 1)-th node, which is defined as k-th segment of the
curve, is defined using following equation as shown in Fig.6.

20 (') = g + virp' + vorp'?, (ITL13)

where vy, v, € R? are coefficient vectors that give the
shape of k-th segment of the curve. This curve is designed so
that changing parameter p’ from zero to one corresponds to
the change on the curve from g, to q;_ ;. By differentiating
(IIL13) by p', 227 (p') = vy, + 2099 is obtained. This
gives a tangentlal vector of the curve. By considering the
continuity of positions of the curve at the both edge of the
curve segment, that is, by letting z(*)(1) = z(*+1)(0),

qy +vig + v =qpq, k=0,---,L—-1 (IL14)

is obtained as a condition for position continuity. Similarly,
the condition for continuity of tangential vector is given by
F) z(k) az(k+1) .

S (1) = %55,—(0), that is,

op’
k:()’...

Vig + Q'UQk = Vi1k+1, ,L — 2. (HIIS)

The above-mentioned conditions can be expressed in matrix
form as

Ay Q1 ]
AV =Q, A= Q= , I1.16
@ [AJ @ l:OQ(L—l)xl ( )
where matrices are defined as
Iy Ip O
I, I
A = e R2x4L, (II1.17)
O I, I,
1,21, — 1y O
Ay— I 20 —Ip c R2L-D)x4L
0] 15,21, —1I5 Oy

(IIL.18)

5)One dimensional boundary corresponds to the case with objects and
hand expressed in 2-D space.

and

V10
V20 q1 — 4o
V= : eR¥ Q) = € R,
ViL-1 dr — 411
Var-1
(I11.19)

When positions of nodes are given, V' can be calculated
using pseudo-inverse as the minimum-norm solution by V' =
AT(AATY=1Q = ATQ. By connecting all segments, a one-
dimensional submanifold z(s) can be defined as follows:

z(s) = z(k)(p’), i<s<k+lp =s—k,kcZ (II1.20)

The positions of nodes are modified so that the curve z(s)
lie close to the boundary. It is assumed that the boundary
is smooth. This is realized by an incremental procedure to
reduce energy defined on the curve, where energy function
of the curve is defined with coefficient ey and oy, as

E = aextFext + Otint Eint- (IIL.21)
An internal energy for the curve is defined as
L 2
B = /O E)Z (j) ’ ds. (I1.22)
Using (III.13) FEin can be expressed as
L
mt a s / =4 Z ||'Uk-2||2~ (HIZ?’)
k=1

FEex, 1s defined so that the curve coincides with the boundary
when F. is minimized. By using the potential function ®
defined between mode ¢ and j, it can be defined as

Fexi = Z o((qf .y "1"), (I11.24)

©)

where y/’ denotes discretized value of y/). ® By iterating
gradient descent update
OF
qk‘<_qk‘_77n77 I{;::l,"' 7[1 (III.ZS)
oq;,

the positions of nodes 1,---,L are modified so that the
curve coincides the boundary while keeping smoothness.
After convergence of the iteration of (III.25), any point
on the boundary can be expressed by parameter s. In the
following, parameterization of boundary between mode ¢ and
Jj is referred as z; ;(s).

FE. Exploration and estimation of reachable region

Observation variables are stored during exploration to
estimate reachable region for motion planning. The reachable
region is identified by the parameters on mode transition
boundaries and the observation variables. For memorization
of reachable region (and utilization of it for total trajectory
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planning), parameter for boundary and configuration of ob-
ject are discretized as indicated as small circles in Fig.7.
Dlscretlzed values of observation variables for mode j is
defined as yD = {yd e ,yé )n(j))} where n(j) denotes
number of dlscretlzatlon of the observation variable. For
identification of boundary parameter, discretized values of
boundary parameter (between mode ¢ and j) is defined as
Sk — (g S’f)) b s{(;fl(”))} where sé(@) denotes /-
th discretized parameter on boundary of mode transition from
i to j with k-th discretized observation variable y(]()) and
n(i, j) denotes the number of discretization.
Let 7, denote current mode and assume that mode
i has been reached by mode transitions i3 — 2 —
- — 1. Mode transition sequence is expressed by 7 =
[i1, -+ ,ix)T € NF. Let T denote set of mode transition
sequences and 7 is updated while exploration as

y 1<,
(II1.26)

T TU{r(W)} it (0 ¢ T, |1

< ’Ig)

where 7(t) denotes mode transition sequence at current time
t. The second condition stands for that new mode sequence is
memorized only when the mode transition keeps increasing
number of changing observation variables. By this, mode
transitions with separation between objects (or an object
and the hand) are omitted. Using discretizations defined
above, identification of mode transition for mode transition
parameter s(“7) and observation variable ¢’ can be given as
gr =957, g5"]", where

Y= [0, )T 1) = arg min S — 3|
(I1.27)
g5 = [012) Lo U1 T
(09 = argmin sl = sCIH| k= ). 28

Let Dgf) (g+) denote set of observation variables in mode ¢
with mode transition specified by 7 and g+. When y (1)
is observed during exploration, Dgf)(gr) is updated as

DY (g7) — DP (g7) U {y (1)}

if Yy e DY (gr) st [ly? —y|| > R,, (111.29)

©The discretization intervals are set equal in the simulation.

mode 1 mode I mode J mode I

Fig. 9. Planning with mode transition
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(b) 0.65<g, <0.75

(a) 0.55<gq,<0.65

Fig. 10. Estimated boundaries between mode 1 and 2

where R, > 0 denotes a threshold value and yg) denotes

k-th element in Ds,f) (g+)- Reachable region in mode 7 via
mode transition 7 and g, can be expressed as

R(i)(gT):
(v e ViPylY € DY (gr), ly® —

which will be used in motion planning described in III-G.

y| < R}, (I1130)

G. Trajectory generation and control with mode transitions

Planning with mode transitions described in this section
corresponds to the dynamical shift of planning space, be-
cause different observation variables are used in planning
within each mode. The total algorithm of trajectory gen-
eration and control is given in Algorithm II. A task is
given to the robot system as a target configuration of a
certain object”. The robot interprets the given information
as target mode and target observation variables in the target
mode (1). Using mode transition database and reachable
region database, the robot finds an appropriate transition
sequence of modes and pair of mode transition parameters
and observation variable at mode transition (2,3). At step 4,
the robot starts control of its body to realize mode transition
sequence of 71 with transition parameter gi.f. At each
mode, the robot aims at a target (subgoal) point on the
mode transition boundary which is specified by discretized
parameter of boundary curve (b). Once a subgoal is obtained,
the robot repeats small movements toward the subgoal while
trying to keep current mode. For mode keeping, Algorlthm
I is utilized by replacing random value to decide Ay‘mp by
Ay® given in (c)-i. The desired motion Ay is realized
by transformations of motions as shown in Fig.9.

In the case when impossible tasks are given to the robot,
the procedures of 1) or 3) can not be achieved.

THere it is assumed that configurations of other objects are not specified
as a task.
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Algorithm II Trajectory generation and control
/— g i y & ﬂ

1) Given: target mode ¢, and configuration yg*)
2) Find 71 € T st. CkeN st (=7, A k<
kl,vkl S.t. 1, = T];rl))

3) Find gi[r’r sty e R(;;)(QTT) A gi(l;yf =

[5;15),""752,7&)’“)]71, | |
where Z?% = arg miny IIyS()@) —yD(0)]

4) Set current mode as ¢ = 1 and repeat following
trajectory generation and control procedures until
target configuration is achieved, i.e. yl)(t) =
yg*) holds:

a) If i # i, find next mode as j = 7, where
t=rk+1,7l =i
b) If i = 1., Set target observation variable as
y%l) =y, else set target point on mode
boundary by y](f) =z (sg(’g))’m
0= g5, kT = argming [y}, — @ (@)

c) Repeat small movement of Ay") until tar-

get point is reached, i.e., y(i) = y&l)

) , where

i) Calculate displacement using Ay =
3 Y-y (1)
Iy =y @)l

ii) Calculate Ay using Ay®, Agyl2)
using Ay, ... Ay using Aym)

and mode keeping

with mode keeping, where 71 =
[17Lma"'aL27L17iaj7'“]T
d) Seti«—j

y

IV. SIMULATION

The proposed mode generation and trajectory generation
algorithms are implemented and evaluated in simulation. The
robot manipulator has two joints and there are two objects,
rectangular and circular objects as shown in Fig.8. The end
effector of the robot hand is also a circle. The state variables
are the joint angles of the manipulator @ € R? and positions
of two objects q1,q2 € R. The observation variables are
the position of the robot hand (center of circle) [yi,y2]7,
the position of the rectangular object (object 1) y3(= q1)
and the position of the circular object (object 2) y4(= ¢2).
Initial position of object 1 is randomly chosen in 0.6 < ¢; <
0.9, while position of object 2 is fixed at g = 1.6. The
manipulator and the objects are initialized every 100 steps.

Exploration and learning are done by the followings:

1) Move randomly for 3000 steps.

2) Build mapping between [0, 602]7 and [y1,y2]", esti-
mate boundary between mode 1 and mode 2, 8 and
generate parameterization on the boundary.

3) Explore mode 2 using the motion generator which
keeps mode 2 for 200 steps.

4) Build mapping between ¢; and g2, estimate boundary
between mode 2 and mode 3 (object 2 moving).

8 They correspond respectively to the movement of the robot hand and
the movement of the rectangular object by contacting with the robot hand.
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Fig. 11. Parameterization on boundary with nodes

5) Explore mode 2 and 3 using mode keeping motion
generator for 200 steps to estimate reachable region.

It is expected that while procedure 1, contact between the
hand and object 1 happens frequently enough to estimate
boundary. Similarly it is expected that sufficient motion
information of object 2 is obtainable to finally estimate the
reachable region. The mapping and boundary building in 4. is
formally done but actually not so important because motions
of object 1 and 2 are restricted on a line and the boundary
of mode switching is just a point.

After the total exploration, three tasks are given to the
robot system:

o Task 1: move the end effector to [y1,y2] = [1.3,0.6].
o Task 2: move object 1 to g1 = 0.5.
o Task 3: move object 2 to g2 = 1.9.

First, the robot acquires the relation between its joint
angles and the hand position by randomly changing the joint
angles (procedure 1). The first group of observation variables
is built as [y1,72]7 € V1. When the hand contacts object 1,
the second group of observation variable is constructed as
y3 € Y. While the hand keeps contact with the object 1, the
object moves together with the hand. When moving object 1
contacts with object 2, object 2 begins to move and the third
group is constructed as y4 € V3. While collecting mapping
data by the random motion, the robot also collects boundary
information between mode 1 and mode 2. In this case
discrimination function F(z) of SVM is defined in three-
dimensional space, that is, = [y1,y2,y3]?. Fig.10(a) and
(b) show boundaries of two modes where 0.55 < ¢; < 0.65
for (a) and 0.65 < ¢; < 0.75 for (b). Circles in the figure
denote variables in mode 1, crosses denote mode 2 and
curves denote boundaries of F(x) = 0.

The discrimination function F'(x) is utilized for param-
eterization on the boundary explained in III-E. Fig.11(a)
and (b) are resultant node distributions with L = 9 after
100 iterations of node movements, where nodes are initially
located around the center of the boundary. It can be seen that
nodes are distributed along the contour of F'(x) = 0. The
both end nodes are constrained to the nearest observed data,
which can be understood by comparing Fig.10 with Fig.11.

Fig.12 shows the trajectory of task 1, where a cross in
the figure denotes the target configuration. This motion was
realized by using the mapping between ); and ), which can
be regarded as inverse kinematics learning. In the case of task
2, first reachable region of y3 was checked by Algorithm II.
A cross in Fig.13 denotes the destination on the boundary
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Fig. 12. Trajectory of task 1
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Fig. 13. Trajectory of task 2 Fig. 14. Trajectory of task 3

between mode 1 and 2. First the robot hand aims at the
destination on the boundary, and then keeps contact to realize
the desired configuration of ys. In the case of task 3, first
reachable region of y, was checked. The lower cross in
Fig.14 indicates the destination on boundary between mode
2 and 3, while the upper cross indicates the destination on
boundary between mode 1 and 2. After realizing contact
between the hand and object 1, the robot keeps contact to
move object 1 to the right direction and to realize contact
between object 1 and object 2. It can be seen that finally
the robot realized the desired configuration of y4 = 1.9 by
extending its body by using object 1.

V. DISCUSSION

In the simulation, it was shown that the proposed learning
architecture enables various task execution by finding rela-
tions among variables and using the relations for planning
with various observation variables.

Motor babbling [13] has been discussed as human learning
of motor coordination. While the first stage of mapping
learning in the proposed method can be equivalent to inverse-
kinematics learning [14], the total framework deals with
wider problem of finding relations among various observa-
tion variables. The proposal of this paper can be regarded as
an construction method of body image [15], where ‘self’ is
identified through the criterion of ‘what can be controlled’
and ‘what cannot be controlled’.

On the other hand, the applications presented in the
simulation is rather simple and easy. The proposed archi-
tecture is applicable to more complex and high-dimensional
problems, but to apply the framework to higher-dimensional
problems, it is required to consider parameterization of high-
dimensional sub-manifolds (boundaries between modes).
Other possible extensions are the followings:

e The influence of noise should be taken into account in

order to implement the proposed framework in the real
world. One possible way to deal with noise in motion
synchronousness detection is to approximate the effect
of noise by preceding measurement.

o Observation variables directly correspond to configura-
tion variables in this paper. Extraction of observation
variables from various image feature vectors should be
taken into consideration.

o The framework of hybrid dynamical system control [16]
is closely related to the control with mode switchings.
Besides, a control strategy that utilizes a partial informa-
tion of state variable is known as ‘backstepping’ [17].

VI. CONCLUSION

In this paper, an approach to hierarchy generation is
proposed as planning-space shift learning. The learning
framework consists of generation of modes based on motion
synchronousness, estimation of boundaries between modes,
and planning via multiple modes. In simulation, an illustra-
tive example was shown where an object is utilized as a tool
to move another object. The consideration of the proposed
architecture even with simple examples will be an impor-
tant base for constructing more complex representations of
hierarchical learning.
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