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Iterative Learning Control for Whole-Arm Object Manipulation
through Coordination of Torque/Velocity-Controlled Fingers
Masahito Yashima and Tasuku Yamawaki
Abstract— This paper proposes an iterative learning control
scheme for whole-arm object manipulation by using a robotic
hand system composed of a velocity-controlled finger and a
torque-controlled finger. The novel iterative learning control
scheme consists of the PD-type iterative learning control scheme
for the velocity-controlled finger to follow the desired trajectory
and the optimization-based iterative learning control scheme
for the torque-controlled finger to maintain equilibrium. The
switching between the two controllers is made to achieve
compliant manipulation. The validity of the proposed scheme
is demonstrated through experiments.

could disturb the path of a manipulated object. For velocitycontrolled fingers, as is widely known, the positional errors
could cause the violation of geometric constraints at contacts. However, if both control modes are used in wholearm object manipulation, then the torque/velocity-controlled
fingers could act as pushers and supports, respectively, and
compliant manipulation could be achieved by using them.
Thus, both torque control and velocity control should be
appropriately employed to achieve dexterous object manipulation.

I. I NTRODUCTION
The present day applications for robotic fingers are expanding to include more complex environments and tasks.
As a result, robotic fingers that can perform dexterous
object manipulation in addition to grasping are required. Inhand manipulation, which allows not only object motion
within a hand but also motion at contacts, has attracted
attention because of its potential for performing dexterous
manipulation tasks [1].
Despite extensive research on dexterous object manipulation, few successful examples of manipulation using real
robotic fingers have been reported. One possible reason is
that model-based control schemes are used for manipulation
control, which are derived from the dynamics of an object
and fingers as well as appropriate contact models between
the object and the fingers [2], [3]. The problems with the
model-based control scheme are as follows:
(1) The control law is designed for an assumed contact
state; for e.g., sliding, rolling, and breaking. If the
contact state is changed from the assumed contact state
as a result of control errors, or if the assumed contact
state does not occur because of modeling errors, then
the manipulation system would go out of control.
(2) Since in-hand manipulation involves complex physical
interaction among all bodies through contact points, it
is generally difficult to generate an exact model.
In practice, slight modeling errors and control errors cause a
manipulation failure when the model-based control scheme
is applied. In order to solve these problems, it is crucial to
develop a novel control algorithm that does not need an exact
model of the manipulation system.
Most object manipulation is performed only by torquecontrolled fingers [2], [3]. However, slight torque errors
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A. Related Research
Whole-arm object manipulation, which is a subclass of
in-hand manipulation, allows objects to slip on the surface
of not only fingers but also environments [4]. A planning
algorithm based on randomized techniques for the manipulation of a smooth 3-D object is proposed in [5]. The use of
torque/position-controlled fingers for in-hand manipulation
is shown in [6]. However, methods for assigning the finger
control modes are not discussed. In [7], control strategies
for whole-arm manipulation of a polygonal object by using
torque/velocity-controlled fingers are proposed and the validity of the strategies is demonstrated through experiments.
However, various control parameters must be determined by
trial and error to achieve the desired control performance.
An iterative learning control scheme is an effective control
method for improving the tracking performance of control
systems by performing the same task repeatedly under the
same operating conditions [8]. The control signal is updated
iteratively by using error information from previous trials
in order to reduce the error the next time the same task is
performed. High tracking performance can be achieved by
repeating the trial despite large model uncertainty. Robotic
applications of the iterative learning control scheme have
been reported in [9]. However, the applications are limited
to trajectory tracking of a single robotic arm without making
contact with other bodies. It is necessary to develop novel
schemes for dexterous object manipulation.
A variety of anthropomorphic hands have been developed
to achieve dexterous manipulation [10], [11]. However, those
hands, which consist of complex kinematic structures, are
not always the best solution in terms of reliability and
cost-effectiveness [12]. Hence, robotic hands with simple
kinematic structures that can perform dexterous manipulation
tasks are preferred.
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each joint is assigned velocity control or torque control.
Assumption 1 is set for the purpose of simplifying our
discussion.
B. Manipulation Model

Environment
(a) Initial

(b) Goal

Fig. 1. Whole-arm object manipulation from an initial grasp to a goal
grasp by a velocity-controlled finger and a torque-controlled finger

B. Contribution
The present paper discusses an iterative learning control
scheme for planar whole-arm manipulation by using a simple
hand system composed of two one-degree-of-freedom fingers
and a palm fixed in the environment, as shown in Fig. 1. The
velocity-controlled finger provides a kind of artificial constraint for the object to guide it into the desired configuration,
and the torque-controlled finger applies contact forces to the
object to maintain equilibrium. The two distinct controllers
are coordinated to achieve whole-arm object manipulation.
The main contributions of this paper are as follows. First,
we propose methods for assigning finger control modes to
each finger based on the constraint imposed on an object. The
appropriate assignment of control modes enables a manipulation system to perform compliant manipulation. Second,
we propose a novel iterative learning control scheme, which
is composed of two types of controllers. The proportionalderivative (PD)-type iterative learning control method is
applied to the velocity-controlled finger to impose constraints
on object motion by following the desired finger trajectory.
In contrast, the optimization-based iterative learning control
method is applied to the torque-controlled finger to manipulate the object quasi-statically along the desired object
trajectory. The switching between the two controllers is made
according to certain situations. Third, the validity of the
proposed iterative learning control scheme is demonstrated
through experiments. To the best of our knowledge, the
usefulness of the iterative learning control scheme for object
manipulation by robotic fingers has been experimentally
verified for the first time.
The rest of the paper is organized as follows: In Section II,
the model for quasi-static manipulation is obtained. Section
III shows methods for determining the finger control modes.
Section IV presents the iterative learning control scheme
for the torque-controlled finger and the velocity-controlled
finger. In Section V, the validity of the proposed control
scheme is demonstrated through experiments. Finally, we
present our conclusions and future work.
II. Q UASI - STATIC M ANIPULATION
A. Assumption
For the planar robotic hand system composed of two
one-degree-of-freedom fingers (Fig. 1), we assume that 1)
the friction between all bodies is negligible, 2) the object,
fingers, and fixed environment are rigid polygons, and 3)

The kinematics and statics of the robotic hand system are
formulated to obtain a quasi-static manipulation model. To
plan quasi-static manipulation based on a forward kinematics approach, the velocity of the object must be uniquely
determined for a given velocity of a subset of joints.
Relative motions between two rigid bodies at n frictionless
contact points are constrained in the normal direction of
the contact surface. Categorizing two fingers as a velocitycontrolled finger and a torque-controlled finger yields the
following kinematic constraints:
[ ]
[ T
] ẋO
Gn −JnT
= JnV θ̇V
(1)
θ̇T
where θ̇V and θ̇T are the joint velocities of the velocitycontrolled finger and the torque-controlled finger, respectively, JnV and JnT ∈ ℜn×1 are the normal Jacobian
matrices corresponding to θ̇V and θ̇T , respectively, xO ∈ ℜ3
3×n
is the position and orientation of the object,
[ T and Gn] ∈ ℜn×4
is the normal grasp matrix. If matrix Gn −JnT ∈ ℜ
in (1) is nonsingular, then the velocity of the object can be
derived uniquely from (1) for a given joint velocity of the
velocity-controlled finger, θ̇V .
To perform quasi-static manipulation, the remaining
torque-controlled finger must apply the joint driving torque
to satisfy static equilibrium. The maximum and minimum
joint torques of the torque-controlled finger that satisfy the
equilibrium conditions are obtained by solving the following
quadratic programing problem
(
)
maximize
τT2
or minimize τT2
[
]
[
]
Gn
−gO
subj. to
fn =
T
−JnT
gT − τT
(2)
fn > 0
− τlimit ≤ τT ≤ τlimit
where τT is the joint driving torque of the torque-controlled
finger, fn ∈ ℜn is the normal contact compressive force
vector, gO ∈ ℜ3 is the gravity force vector applied to the
object, τlimit is the limitation torque of the actuators, and
gT is the joint torque induced by gravity, respectively.
The torque range, T , which is applicable for quasi-static
manipulation, is bounded by the maximum and minimum
joint torques, τT max and τT min , as in
T = {τT | τT min ≤ τT ≤ τT max }

(3)

The optimal joint torque is determined within the torque
range to enhance manipulation stability.
We summarize the control strategies for whole-arm manipulation based on the above manipulation model. First, the
formulations (1) and (2) imply that the joint velocity, θ̇V ,
of the velocity-controlled finger and the joint torque, τT , of
the torque-controlled finger can be regarded as inputs of the
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manipulation system. The velocity of the object, ẋO , can
be considered to be an output of the manipulation system.
Second, the velocity-controlled finger provides a kind of
artificial geometric constraint for the object, and the torquecontrolled finger applies an appropriate contact force to the
object to maintain equilibrium. The details are shown in [7].
III. F INGER C ONTROL M ODES
This section presents a novel method for the assignment
of control modes to each finger. A velocity-controlled finger
is used as supporting planes to guide and constrain an object
into a desired configuration in order to enhance robustness
against modeling error. The object is geometrically constrained not only by the environment but also by the velocitycontrolled finger.
Geometric constraints imposed on the object by the
velocity-controlled finger and the environment are formulated as follows. Extracting the submatrices GV and GE ,
which correspond to the velocity-controlled finger and the
environment, from the grasp matrix, Gn , in (1) yields the
following constraint matrix:
[
]T
GC = GE GV
(4)
Let ∆xO be the infinitesimal displacement of the object. When the object maintains contact with the velocitycontrolled finger and the environment even if the object
changes its location slightly, the following geometric constraint is satisfied:
(5)
GTC ∆xO = 0
If GC has full rank, (5) has only one solution ∆xO = 0.
This means that the position and orientation of the object are
uniquely determined as long as the object is in contact with
the velocity-controlled finger and the environment. Similar
formulation is found in the problem of a fixturing layout
[13].
Consider two cases of control mode assignment for the
planar grasp of an object shown in Fig. 2(a). The lines at the
contact points indicate the contact normal. The constraint of
the contact of a line segment is equivalent to the conjugation
of the constraint at both endpoints of the line segment.
When the velocity control mode and the torque control
mode are assigned to the left and right fingers, respectively,
the object is uniquely positioned and cannot move without
breaking contact with the left finger and/or the environment
because GC has full rank. To manipulate the object while
maintaining this geometric constraint, neither the positioning
errors of the velocity-controlled finger nor the uncertainties
of the object shape are allowed; thus, it becomes difficult to
control the velocity-controlled finger.
Conversely, when the velocity control mode and the torque
control mode are assigned to the right and left fingers,
respectively, the object can rotate while in contact with
the right finger and the environment. The rank of GC is
not full. Even if positioning errors and shape errors occur,
the object may be manipulated while maintaining contact
with the velocity-controlled finger and the environment by

(a)

(b)

Fig. 2.
Geometric constraints imposed on the object by the velocitycontrolled finger and the environment
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the torque-controlled finger pushing the object compliantly
against the velocity-controlled finger and the environment.
To achieve the above compliant manipulation by the
torque/velocity-controlled fingers, the finger control modes
are determined as shown below. First, consider two grasps
in which the velocity control mode is assigned to either the
right or the left finger, and calculate the rank of GC for
each grasp. Next, select a grasp that has a smaller rank. For
the grasp of Fig. 2(a), the velocity control mode should be
assigned to the right finger, as explained above. When both
grasps have the same rank for whichever finger is velocitycontrolled (Fig. 2(b)), the control mode can be determined
on the basis of the control strategy.
The above discussion suggests that the control mode for
each finger should be appropriately changed in the course of
the manipulation according to the change of contact states.
Fig. 3 demonstrates the necessity of switching finger control
modes. The object is rotated counterclockwise around the
vertex contacting the environment. The velocity control mode
and the torque control mode are initially assigned to the left
and right fingers, respectively, based on the above procedure.
When the contact state is changed from the left grasp to the
right grasp, the finger control modes should be interchanged
between the left and right fingers. The above method is
incorporated into the manipulation planning algorithm [7],
as discussed later.
IV. I TERATIVE L EARNING C ONTROL
A novel iterative learning control scheme is presented.
The scheme consists of two types of controllers which
have been already proposed so far. The PD-type iterative
learning controller [14] is used for the velocity-controlled
finger to follow the desired trajectory, and the optimizationbased iterative learning controller [15] is used for the torquecontrolled finger to maintain the equilibrium conditions. The
whole-arm manipulation is achieved by the coordination of
the two iterative learning controllers.
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A. Velocity-controlled Finger

B. Torque-controlled Finger

The velocity-controlled finger acts as a supporting surface.
The control objective is to make the velocity-controlled
finger track a desired trajectory perfectly in order to guide
the object into the desired configuration. In practice, the
velocity-controlled finger is subjected to forces applied by
the torque-controlled finger through the object as well as
the object weight. The feedback gain cannot be increased
arbitrarily because of the limitation of actuator torques, unmodeled dynamics, and nonlinearity. It is generally difficult
to achieve the objective by using conventional feedback control methods. An iterative learning controller, which finds the
feedforward control input through a sequence of repetitive
operations, is used together with a feedback controller.
The control input torque to the velocity-controlled finger
at the kth trial is given by

The torque-controlled finger applies a contact force to
an object to maintain equilibrium during quasi-static manipulation. The torque range that satisfies the equilibrium
conditions can be derived from (2) and (3). In practice, all the
joint torques within the torque range obtained sometimes do
not act in equilibrium because of modeling errors and control
errors. The control objective is to find a feasible joint torque
trajectory that can make the object follow the desired motion
certainly using real robotic fingers.
An optimization-based iterative learning control scheme is
employed to achieve the objective. The following quadratic
cost function is given to minimize the object tracking error:

uk = kP ek + kD ėk + τV,k

where eO,k (t) = xOd (t) − xO,k (t) is the error signals
between the desired posture (position and orientation) of
the object and the measured one, and W is a weighting
matrix with positive definite that determines the importance
of errors. It is assumed that the desired object trajectory and
the torque range are generated by the manipulation planner in
advance and that the object posture during a trial is available
from visual sensors.
Several techniques can find an optimal solution that minimizes the cost function. The steepest descent method is
employed, which is one of the basic techniques used for
solving unconstrained minimization problems. This method
is based on finding solutions iteratively to reduce the cost
function and can be formulated without requiring an accurate
model of the controlled system as shown below. A method
based on optimization principles is presented in [16]. This
method can select control parameters automatically, however
an accurate model of the system is required in advance.
The updating law for joint torque, τT,k (t), to reduce Jk (t)
is given by
[
]
∆Jk (t)
τT,k+1 (t) = τT,k (t) − Q kLT
(9)
∆τT,k (t)

(6)

where subscript k is the trial number, ek = θV d − θV,k is
the error signal between the desired joint angle and the
measured one, and kP and kD are feedback gains. The
first and second terms of the right-hand side represent the
feedback control signals and the third term, τV,k , shows the
feedforward control signal. It is assumed that the desired
joint trajectory is generated by the manipulation planner in
advance.
An iterative learning control scheme is applied to obtain
the above feedforward control signal. A discrete-time updating law is given by
τV,k+1 (t) = τV,k (t) + kLP ek (t + 1)
+ kLD (ek (t + 1) − ek (t))

(7)

where t is the discrete time index, and kLP and kLD are
the learning gains with positive constants, respectively. The
feedforward control signal for the k + 1th trial is determined
by adding the control signal at the previous trial to the proportional and derivative contribution of the sampled tracking
error at the previous trial. This type of iterative learning
control scheme is called PD-type iterative learning control,
which does not require an accurate model for implementation. It has been shown that the error converges to zero by
properly choosing the learning gains [14].
The algorithm is formulated as shown below:
1) Conduct the kth trial of manipulation by applying
the control signal obtained from (6) to the velocitycontrolled finger. During the trial, an entire time sequence of error data is stored.
2) The feedforward control signal for the next trial is
calculated by substituting the stored data into (7).
3) Set k ← k + 1, and go back to step 1.
The feedforward control signal at the first trial is set as
τV,1 (t) = 0 for all t. Thus, in the early stage of learning, the
feedback control signal is dominant over the feedforward
learning control signal. However, as the number of trials
increases, the feedforward learning control signal becomes
dominant.

Jk (t) =

1
eO,k (t + 1)T W eO,k (t + 1)
2

(8)

where ∆Jk (t)/∆τT,k (t) is the approximation of the gradient
of Jk (t) with respect to τT,k (t), kLT is a positive scalar that
defines the step length, and Q[ ] is a zero-phase low-pass
filter to improve robustness to uncertainties at high frequencies. The joint torque derived from (9) is used directly as the
feedforward control input signal for quasi-static manipulation
and dynamic manipulation, which is discussed later.
The algorithm is formulated as shown below:
1) Conduct the first trial (k = 1) of manipulation by
applying an appropriate joint torque trajectory τT,1 (t),
which is determined based on the results of manipulation planning. An entire time sequence of J1 (t) is
stored during the trial.
2) Set an appropriate joint torque trajectory τT,2 (t)(̸=
τT,1 (t)), which is determined based on the results of
manipulation planning, for the second trial (k = 2).
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3) Conduct the kth trial of manipulation by applying a
given joint torque trajectory τT,k (t). An entire time
sequence of Jk (t) is stored during the trial.
4) To calculate the joint torque for the next trial, the following steps are executed for the entire time sequence.
a) Compute ∆Jk (t)/∆τT,k (t) using the AdamsMoulton schemes, where ∆Jk (t) = (Jk (t) −
Jk−1 (t))/J1 (t) and ∆τT,k (t) = (τT,k (t) −
τT,k−1 (t))/τT,1 (t).
b) If the condition for convergence given by
|∆Jk (t)| ≤ εJ is satisfied, the update for time
t is not performed. Otherwise, compute the joint
torque for the next trial by substituting the gradient approximation, ∆Jk (t)/∆τT,k (t), into (9).
c) If the updated control input goes beyond the
torque range for the quasi-static manipulation
case or enters the torque range for the dynamic
manipulation case, then the joint torque is set as
τT,k+1 (t) = τT,k (t).
5) Set k ← k + 1, and go back to step 3.
As mentioned above, the novel control scheme consists
of two types of iterative learning controllers. Both iterative
learning controllers may have convergence differences. A
convergence analysis should be performed to show that the
object tracking errors converge to zero by the repetition of
trials. In this paper, instead of the theoretical analysis, we
conduct experiments to show the validity of the controller
described by (7) and (9).
V. E XPERIMENTS
A. Experimental Setup
We conducted experiments on planar whole-arm manipulation by using the experimental setup shown in Fig. 4.
Two fingers, each 15 cm in length, are actuated by directdrive motors with rotary encoders. The length between the
joint axes of the fingers is 20 cm. A support plane, which
is tilted slightly from the vertical plane, is used to restrict
the motion of the object to planar motion and to simplify
the experiments. The friction between bodies is reduced by
coating the surface of the fingers and support plane with
Teflon. The object posture is estimated by measuring the
positions of three markers on its surface with a camera.
B. Manipulation Planning Results
Prior to the experiments, we conducted manipulation
planning. The algorithm is developed by incorporating the
method for assigning the finger control modes (Section III)
into the previously-proposed manipulation planning algorithm [7]. The whole-arm manipulation involves not only
a frequent change in the contact states (i.e., vertex-edge and
edge-edge contacts) among all of the bodies but also changes
in the kinematics and equilibrium of the manipulation system
caused by the contact state transition. The manipulation
planning is rather difficult due to the large search space and
complicated constraints. Thus, it is necessary to obtain the
reference data in advance before the experiments. We briefly

Object
Left finger

Right finger

y
x

Environment

Fig. 4.

Two-fingered robotic hand system for whole-arm manipulation

show the planning algorithm and some simulation results on
the manipulation of an asymmetric hexagonal object.
The planning method consists of two phases. The first
phase determines a sequence of contact state transitions from
a given initial grasp Ginit to a given goal grasp Ggoal as
well as the finger control modes by using a randomized
technique, which constructs subgoals in the configuration
space incrementally as follows. First, a start subgoal is
selected at random within the existent subgoals. Next, a new
subgoal is generated by moving the velocity-controlled finger
in the randomly determined direction while maintaining
equilibrium and the current contact state. This process is
iterated until completing the subgoal network connecting
Ginit and Ggoal . Finally, finger control modes between the
subgoals in the subgoal network are determined.
Fig. 5 shows a section of the contact state transition graph
obtained. Each figure shows a configuration of the generated
subgoal. A total of 58 subgoals are generated randomly. Fig.
6 illustrates the contact state transition that connects Ginit
and Ggoal , (#1 and #12, respectively), which is an excerpt
from Fig. 5. Assuming that the torque and velocity control
modes are initially assigned to the right and left fingers,
respectively, the control modes are interchanged between the
two fingers three times just before the grasps of #3, #5, and
#11.
In the second phase, we initially generate the desired
trajectory and torque range, which can perform the contact
state transitions obtained in the first phase, as follows.
Calculate the desired trajectory of the velocity-controlled
finger between subgoals (the grasps of #1, #3, #5, #11, and
#12), where the finger control mode is changed. Fig. 7 shows
the joint angle trajectory of each finger during the period
when the velocity control mode is assigned. The trajectories
are given by a fifth-order polynomial with respect to time.
The zero velocity and acceleration constraints are imposed
at both ends of the trajectory. Just after the velocity control
mode is active, the finger is made to remain stationary for a
short time to ensure the control mode switching. Given the
trajectory of the velocity-controlled finger, the torque range
and the object trajectory can be derived from (1)–(3). Fig.
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8 shows the torque range of each finger during the period
when the torque mode is assigned. The range is bounded by
τmax and τmin . The limit of the actuator torque is set as
τlimit = 7.0 Nm.
Next, we determine the manipulation modes among quasistatic, dynamic, and caging manipulation (Fig. 8). Quasistatic manipulation is the primary manipulation, which is
feasible by applying the joint torque within the torque range.
However, the contact state transition with quasi-static manipulation is not feasible when the torque range is separated.
This situation occurs to the right finger at t = 3.35 s (Fig.
8(a)). At this time, the lower right edge of the object makes
contact with the link of the right finger (the grasp of #5). To
avoid this configuration, dynamic manipulation is performed
by applying a joint torque that exceeds τmax before the
transition. Caging manipulation is performed to rotate the

0.57
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2.47

3

3.35

4

Time [s]
(b)

Fig. 8. Torque range (hatched region) of the right and left fingers and
manipulation modes. The solid red line is the reference torque trajectories
for the experiments. The times of manipulation mode switching and control
mode switching are shown by vertical broken lines.

object around the vertex contacting the environment through
gravity until another edge of the object comes into contact
with the environment (the grasps of #8–#11) after the center
of gravity of the object crosses the contact normal. Since
the object is confined within a region bounded by the two
fingers, the object is not accurately positioned. However, the
object can be easily manipulated by utilizing gravity without
precise torque control. We choose caging manipulation if
possible, even if quasi-static manipulation is feasible. In Fig.
8(a), a joint torque less than τmin is applied to the right
torque-controlled finger during caging manipulation so that
the finger may not prevent the object from moving through
gravity. From the above discussion, the solid red line shown
in Fig. 8 is set as the reference torque trajectory for the
experiments at the first trial.
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manipulation, not to caging manipulation. The parameters
are as follows: The object has a mass of 353 g, and
the manipulation time is T = 6.01 s. Let the controller
parameters be kLP = 0.5, kLD = 1.0, and kLT = 0.13,
which are tuned to achieve low asymptotic error and nearly
monotonic transients.
The validity of the proposed controller is shown by verifying the tracking performance of the object. Fig. 9 illustrates
the convergence performance of RMS tracking errors of the
object over 17 trials. The tracking error can be gradually
reduced by repeating the trial. Fig. 10 illustrates the output
responses for the position and orientation of the object at the
1st, 7th, and 17th trials. The object can follow the desired
trajectory at around the 17th trial. Since two types of iterative
learning controllers are utilized to manipulate the object,

the convergence performance of these controllers must be
different. The control errors on one controller affect the
other controller as disturbances. Nevertheless, as can be seen
from these figures, the combined iterative learning controller
makes it possible to follow the desired object trajectory
reasonably well. It is considered that each iterative learning
controller generates feedforward control to compensate for
these disturbances through the repetition of trials.
The above discussion is also confirmed by the following
experimental results. Fig. 11 shows the convergence performance of RMS tracking errors of the joint angle of the
velocity-controlled finger over 17 trials. The tracking error
is increased at the 7th trial. This increase is probably due
to forces applied to the velocity-controlled finger by the
torque-controlled finger. We can see from Fig. 12, which is
discussed below, that the joint torque applied at the 7th trial is
higher between 2.47 and 3.35 s compared to the applied joint
torque at the other trials. However, the tracking error can be
gradually reduced after the 7th trial by compensating for
disturbances caused by the torque-controlled finger through
the repetition trials. The convergence performance mentioned
above can be seen from the attached video clearly.
Fig. 12 shows the output responses for the joint torques
of the right and left fingers, respectively, at the 1st, 7th, and
17th trials during the period when the torque control mode
is assigned. We can see that the joint torque trajectories are
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Fig. 13. Contact state transitions from Ginit to Ggoal . The finger denoted
by θV is velocity-controlled and the remaining finger is torque-controlled.
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This paper proposed an iterative learning control scheme
for 2D whole-arm object manipulation by using a robotic
hand system composed of a velocity-controlled finger and a
torque-controlled finger. The novel iterative learning control
scheme consists of two types of controllers. The PD-type
iterative learning control method is applied to the velocitycontrolled finger to follow the desired trajectory. In contrast,
the optimization-based iterative learning control method is
applied to the torque-controlled finger to maintain equilibrium. The switching between the two controllers is made
to achieve compliant manipulation by the torque/velocitycontrolled fingers. The practical usefulness of the proposed
iterative learning control scheme was demonstrated through
experiments. As future work, we will prove the convergence
of this learning control scheme theoretically.
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Fig. 14. Convergence performance of RMS tracking errors. (a) object and
(b) velocity-controlled finger

updated iteratively within the torque range to achieve quasistatic manipulation. It is assumed that the joint torque is set to
a constant value to minimize changes in the joint torque for
dynamic manipulation as well as quasi-static manipulation
shortly before the dynamic manipulation. The constant joint
torque of the right finger is updated iteratively between t =
2.47 and 3.35 s.
To investigate the dependence of the convergence of the
system on a manipulation planning, we conducted the experiments on manipulation of a regular hexagonal object. Fig.
13 shows the contact state transition from Ginit to Ggoal . The
details of the manipulation planning are not described due to
the length. Fig. 14 illustrates the convergence performance of
RMS tracking errors of the object and the velocity-controlled
finger. We can see that both tracking errors can be gradually
reduced by repeating the trials as is the case of the initial
experiments. The object and the velocity-controlled finger
can follow each desired trajectory around at the 15th trial.
Through those experimental results, we can conclude that
the novel control scheme combining two types of iterative
learning controllers for the velocity-controlled finger and the
torque-controlled finger is applicable and effective for wholearm object manipulation.
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