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Abstract—Classical robot interaction control requires knowledge of the robot and environment dynamics to design the
position and force controllers and to obtain the optimal contact
force (optimal desired force) off-line. When the robot and
environment dynamics are unknown, model-free controllers are
needed to overcome this issue, however optimal contact force is
not guarantee and require an identification method that adds
more complexity to the control problem.
This paper uses reinforcement learning methods to learn online the optimal contact force and use model-free controllers to
guarantee position and force tracking. Also it is modified the classical robot interaction control to avoid the transformation from
joint space to task space using Jacobian properties. Experiment
results are presented to verify our approach.

I. I NTRODUCTION
Robot interaction is a well known control problem which
has been studied in the last years [1]. The most popular
approaches are designed to deal with the contact force such as
impedance control and force control. Impedance control has
as input the position of the end-effector and impedes a certain
amount of force as output [2], [3]. To obtain an optimal force
it is required that the impedance parameters have the same
value as the environment parameters [4], in other case the
impedance control performance is not optimal and depends in
how the user select its parameters [5].
Robot interaction control has two controls: a position control and a force control [6], [7]. In most cases, the input
desired force of the force control is proposed by the user
as a constant and bounded value, according to the desired
position and knowledge of the environment stiffness. To have
an optimal desired force, the robot interaction control uses
a linear quadratic regulator (LQR) controller [8], [9] based
on an impedance model [10] whose parameters are equal to
the environment parameters. The obtained desired force is
optimal and minimizes the position error. However, LQR needs
environment dynamics knowledge.
When the environment and robot dynamics are unknown,
the robot interaction control does not guarantee good interaction performance [11] [12] due the modeling error. Also
the impedance model behaviour depends in how its param-
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eters are chosen but it cannot guarantee the optimal desired
force [4]. There exists well known model-free controllers to
avoid the knowledge of the robot dynamics such as PID
(proportional,integral,derivative) control, sliding mode control
(SMC), adaptive control [2], [13], among others, which are not
discussed in this paper. As well it exists several methods to
estimate the robot and environment dynamics such as adaptive
identification, recursive least squares (RLS), neural networks
[15], and adaptive impedance algorithm [16]. However, to accomplish the control task (optimal contact force) requires three
separate steps: the first step is the environment identification,
the second step is to solve the LQR control problem using
the environment estimates, and the third step is to apply the
position and force controllers. Also the complete control task
can be reduced in two steps (combining step two and three)
by using the recursive solution of the Lyapunov equation [17].
Reinforcement learning techniques (RL) [18] are widely
employed in robot control tasks. It is also known as adaptive
dynamic programming (ADP), where it founds an optimal
control policy by observing data measured along the system
trajectories [17]. The most popular approaches are Temporal
Difference methods [18], which are model-free and obtained
an optimal solution in an iterative way. Some authors have
show that RL methods can be applied to compute the optimal
impedance model for time-varying environments [11] in an
impedance/admittance control [11], [19]. The authors use a
critic algorithm [20], [21] to obtain the optimal impedance
model and additionally it is used an identification method
[22] to calculate the environment parameters using a linear
parametrization [23]. However, this approach is complex and
only guarantees position tracking meanwhile the contact force
is free.
In this paper, an optimal contact force of robot manipulators in unknown environment is proposed. We use RL
methods to learn on-line the optimal desired force, which is
the minimal contact force that the robot requires to move
closer to the desired reference. Then model-free controllers
are used to guarantee both position and force tracking. The
force controller is a PI controller which generates the new

position reference that feeds a PID position controller. Real
time experiments are applied to compare our approach with the
model-based LQR solution. The obtained results show that our
method is effective for robot interaction control in unknown
environments.
II. M ODEL - FREE ROBOT I NTERACTION CONTROL
The model-based robot interaction control scheme is shown
in Fig.1(a). The outer loop is the force control which has
three blocks: the environment, the impedance model and the
force controller. The impedance model is designed according
to the environment parameters (A, B) and the desired position
reference xd . By means of a LQR controller is obtained the
optimal desired force fd∗ that together with the contact force
fe feed a force controller (in this paper is a PI (ProportionalIntegral) force controller) which generates a new position
reference xr . The inner loop is the position control which has
three blocks: the inverse kinematics, the model-based control
and the robot. The inverse kinematics of the robot is used
to transform the output of the force controller to a joint
space reference qr . Then a model-based controller is used to
guarantee position tracking. The proposed model-free control
scheme is shown in Fig. 1(b), the outer loop is the force control
which uses the optimal impedance model Z ∗ (x, xd ) directly as
the optimal desired force fd∗ together with the exerted force fe
and the force controller to generate the new reference position
xr . The inner loop is the position control which uses a PID
controller in task space [24] to avoid the inverse kinematics
and knowledge of the robot dynamics. Unlike the classical
controller of Fig. 1(a), our approach is completely modelfree and does not require additional methods to compute the
optimal desired force. Each block component is explained in
detail as follows.
The joint-space dynamics of a n-link robot manipulator with
force feedback can be written as [25]
>

M (q)q̈ + C(q, q̇)q̇ + G(q) = τ − J (q)fe ,

(1)

n

where q, q̇, q̈ ∈ R are the joint position, velocity and
acceleration, respectively, M (q) ∈ Rn×n denotes a symmetric
positive definite inertia matrix, C(q, q̇) ∈ Rn×n stands for
the centripetal and Coriolis torque matrix, G(q) ∈ Rn is the
vector of gravitational torques, τ ∈ Rn is the driven torque
vector, J(q) ∈ Rn×m is the Jacobian matrix that maps the
contact force vector fe ∈ Rm , to the generalized coordinates.
We discretize the robot dynamics by means of the integration
method and the size of the sampling time. The Jacobian
J(q) satisfies
ẋ = J(q)q̇,

˙ q̇,
ẍ = J(q)q̈ + J(q)

where x, ẋ, ẍ ∈ Rm are the position, velocity and acceleration
of the robot end-effector in task space, respectively. The
relation between x and q is the forward kinematics of the
robot manipulator F K [26], i.e., x = F K(q).
The robot-environment interaction scheme is shown in Fig.
2, where the environment is modelled as a spring-damper
system [15] as follows:

fe = −Ce ẋ + Ke (xe − x) , x ≥ xe

(2)

where Ce , Ke ∈ Rm×m are the environment damping and
stiffness matrices, respectively; xe ∈ Rm is the position where
the environment is located. When the robot interacts with the
environment, i.e., x ≥ xe , then the model (2) can be written
in discrete time as follows:
x(k + 1) = Ax(k) + Bfe (k),

(3)

where A = −Ce−1 (Ke − Ce ) and B = −Ce−1 . The classical
impedance model is designed according to the environment
parameters, it has as input the error between the desired
position and a virtual reference in task space, and its output
is a force component [2]:
Z(er (k)) = Z(xr (k), xd (k)) = fd (k),

(4)

where Z(·) is the impedance model, er (k) = xr (k) − xd (k),
is the position error, xr (k) ∈ Rm is the virtual reference
trajectory and xd (k) ∈ Rm the desired reference, and fd (k) ∈
Rm is the desired force. The main goal of this work is to
determine the optimal impedance model Z ∗ (er (k)) which is
equivalent to the optimal desired force fd∗ (k) that minimizes
the position error er (k). The impedance model is designed as
the environment model (3) as
er (k + 1) = Aer (k) + Bfd (k),

(5)

here the control input is the desired force fd (k). The inner
loop in Fig. 1(b) is a PID controller [13] that guarantees
limk→∞ x(k) = xr (k). The PID controller has the following
form:
τ = J > (q)τx
Z
τx = Kp e + Ki

t

e(σ)dσ + Kv ė + fe ,

(6)

0

where e = xr − x is the tracking error; Kp , Ki , Kv ∈ Rm×m
are the proportional, integral and derivative gains, respectively.
Notice that τ uses the transpose of the Jacobian to avoid
inverse kinematics. In discrete time the PID control (6) is
rewritten as:

τx = Kp e(k) + Ki

k
X
i=1

e(i) + Kv [e(k + 1) − e(k)] + fe (k).

(7)
Since the PID control guarantees x(k) = xr (k), then the
position error is rewritten as er (k) = x(k) − xd (k). Stability
of the controller is discussed in [13], [14].
Remark 1: The impedance model parameters are not needed
in our approach since we have measures of the external force
obtained by a force/torque sensor.
The above remark means that for in our approach the knowledge of the impedance parameters are not needed, instead
we use a force sensor to measure the contact force fe which
provides an indirect way to know the dynamic properties of the

(a) Model-based scheme

(b) Model-free scheme
Fig. 1. Robot interaction control schemes

and R = R> > 0, and γ is a discount factor. When the
environment parameters are known, the stabilizing gain vector
L can be calculated by using the solution sequence of the
discrete-time algebraic Riccati equation (DARE) [17]

−1
1
A> P A − P + S − A> P B B > P B + R
B>P A = 0
γ
(11)
where P = P > is an unique kernel matrix that satisfy the
DARE. The feedback control gain L is calculated by:


1
L = − B PB + R
γ

Fig. 2. Environment model

environment. Since the force measurement is available, then
in this paper we use a PI force controller [1] given by:
xf (k) = kpf ef (k) + kif

k
X

ef (i)

where kpf is the proportional force gain, and kif is the integral
force gain; ef = fd − fe is the force error between the desired
force fd and the contact force fe .
The position xf (k) generated by the force controller
changes the desired position xd (k) to obtain the virtual reference trajectory xr (k) = xd (k) − xf (k), which is the input of
the position controller. Stability of the force controller (8) is
discussed in [1], [27], [28].

B > P A.

(12)

Since the environment model is proposed as a first order
spring-damper system, then the controller gain L is designed
as a virtual stiffness gain.
IV. O PTIMAL D ESIRED FORCE : R EINFORCEMENT
L EARNING CASE
The impedance model requires knowledge of the environment dynamics to calculate the solution of the DARE;
however the environment dynamics is unknown. Nevertheless
we can obtain an optimal solution even we do not have any
prior information of the environment dynamics by using a
reinforcement learning algorithm. We can define the following
Bellman equation V (er (k)):

III. O PTIMAL DESIRED FORCE : LQR CASE
The main objective of the impedance model is to generate
the optimal desired contact force fd∗ (k) that minimizes the
position error er (k) when the robot interacts with an environment. We want to design an optimal control of the form:
= Ler (k)

−1

(8)

i=1

fd∗ (k)

>

(9)

m×m

for some stabilizing L ∈ R
which minimizes the discounted cost function:
∞
X

>
J (k) =
γ i−k e>
(10)
r (i)Ser (i) + fd (i)Rfd (i)
i=k

where S ∈ R
and R ∈ Rm×m are weights of the position
error and the desired force, respectively, with S = S > ≥ 0

V (er (k)) =

∞
X

>
γ i−k e>
r (i)Ser (i) + fd (i)Rfd (i)

i=k
>
=e>
r (k)Ser (k) + fd (k)Rfd (k)
∞
X
+
γ i−k e>
r (i)Ser (i) +
i=k+1

= r(k + 1) + γV (er (k + 1))




fd> (i)Rfd (i)
(13)

>
where r(k + 1) = e>
r (k)Ser (k) + fd (k)Rfd (k) is the reward
function. The Bellman equation is minimized by finding the
optimal desired force

m×m

fd∗ (k) = arg min V (er (k)).
fd

(14)

If we assume that the optimal desired force exists, then the
optimal Bellman equation satisfies:
∗

V (er (k)) = min V (er (k))
fd

∗>
∗
∗
= e>
r (k)Ser (k) + fd (k)Rfd (k) + γV (er (k + 1))

= e>
r (k)P er (k).

(15)

The optimal Bellman equation can be also written as

=

> 

er (k)
e (k)
H r
fd (k)
fd (k)

(16)

where H = {Hij } ≥ 0 is a positive semi-definite parameter
matrix of the form:
 >

γA P A + S
γA> P B
H=
.
(17)
γB > P A
γB > P B + R
If we take the partial derivative ∂V (er (k))/∂fd (k) = 0 yields
the optimal desired force as:
−1
fd∗ (k) = −H22
H21 er (k)
−1

1
>
B > P Aer (k) = Ler (k).
= − B PB + R
γ
(18)

Substituting the optimal desired force (18) in (16) we find
the relationship between H and P :

 
>
P = I L> H I L> .
(19)
Let define the action value function Q as:

> 

e (k)
e (k)
Q(er (k), fd (k)) = V (er (k)) = r
H r
. (20)
fd (k)
fd (k)
In terms of the Q-function, the Bellman optimality equation
has the simple form:
∗

V (er (k)) = min Q(er (k), fd )
fd

fd∗ (k) = arg min Q(er (k), fd ).
fd

Q(er (k), fd (k)) ← Q(er (k), fd (k)) + αδ(k)

(24)

δ(k) = r(k + 1) + γ min Q(er (k + 1), fd ) − Q(er (k), fd (k))

>
>
e>
r Ser + fd Rfd + er (k + 1)γP er (k + 1)
(
 > 
  >
 > > )  
er
S 0
A
A
er
+
γP
fd
0 R
fd
B>
B>


=

Q-learning [18] is an off-policy method of TD-Learning
which calculates the optimal Q-function (23) in an iterative
way without knowledge of the environment dynamics. The
update rule of the algorithm is as follows:

where α ∈ (0, 1] is the learning rate and the TD-error

V ∗ (er (k)) = r(k + 1) + γV ∗ (er (k + 1))
=

A. Q-learning

(21)
(22)

The optimal desired force satisfies the following temporal
difference equation:
Q∗ (er (k), fd∗ (k)) = r(k + 1) + γQ∗ (er (k + 1), fd∗ (k + 1)).
(23)
With the design of the Q-function it is proposed to use
Temporal Difference (TD) algorithms such as Q-learning and
Sarsa in discrete time to obtain the optimal desired force
on-line without solving the algebraic Riccati equation and
knowing the environment dynamics. In the following sections
is described each algorithm.

fd

serves as a sign switch where the controller is improved
and learn experience. To obtain the optimal Q-function it is
required enough exploration of the state-action pair [18].
B. Sarsa
Sarsa [18] is an on-policy algorithm of TD-learning. The
main difference between Sarsa and Q-learning, is that the
update of the Q function depends on the followed policy. The
Sarsa update rule is the same as (24), where the TD-error δ(k)
is modified as:
δ(k) = r(k + 1) + γQ(er (k + 1), fd (k + 1)) − Q(er (k), fd (k))
C. Q(λ) and Sarsa(λ)
Eligibility traces [18] [29] offer a better way of assigning
credit to state-action pairs visited several steps earlier, which
allows to accelerate the learning convergence. The eligibility
trace of the pair (er , fd ) at time instant k is denoted with
ek (er , fd )

1,
if (er , fd ) = (er (k), fd (k))
ek (er , fd ) =
λγek−1 (er , fd ), otherwise.
(25)
It decays by a factor of λγ, with λ ∈ [0, 1] being the trace
decay rate. Then the Q(λ) and Sarsa(λ) algorithms has the
same structure as in (24), where the optimal Q value function
for both algorithms is calculated by the following expression:
Q(er (k), fd (k)) ← Q(er (k), fd (k)) + αδ(k)ek (er , fd ) (26)
V. E XPERIMENTS
For the experimental set-up, a 2-DOF pan and tilt robot is
used as is shown in Fig.3 and compare our approach with
the LQR solution. A 6-DOF Schunk force/torque (F/T) sensor
is mounted at the robot end-effector. The environment is a
steel box with unknown stiffness and damping. The real time
environment is Simulink and Matlab 2012. It is used the CAN
protocol por the communication between the PC with the
actuators and the F/T sensor.
The environment is located on the x-axis at the position
xe = 0.045 m. To calculate the LQR solution, it is used
the Recursive Least Squares (RLS) algorithm to estimate the
environment stiffness and damping.
The estimates are given in Fig. 4. The estimates converge
asymptotically to the following values: K̂e ≈ 2721.4 N/m
and Ĉe ≈ 504.0818 Ns/m. The environment parameters in the
form of (3) are rewritten as: A = −5.3987 and B = −0.002.

Fig. 3. Experimental setup
Fig. 5. Force tracking

(a) Stiffness K̂e

(b) Damping Ĉe

Fig. 4. Environment estimates

The solution of the DARE (11), for the previous environment
parameters with S = 1 and R = 0.1, is used to compute the
control gain L in (12) as follows:
Fig. 6. Position tracking

fd (k) = L(X(k) − Xd (k)) = 2606.7(X(k) − Xd (k)), (27)
where X(k) is the end-effector position and Xd (k) is the
desired position at the x-axis. The gains for the force and
position controllers are tuned off-line manually until it is
obtained both force and position tracking. The tuned gains
are: Kp = diag{50}, Ki = diag{10}, kpf = 0.0001, and
kif = 0.002, here diag{·} denotes a 3 × 3 diagonal matrix.
Note that we do not have derivative gain due the high friction
of the robot. The desired position in task space corresponds to
xd = [0.0495, 0, 0.0456]> m. The following learning parameters for the RL algorithms are used: α = 0.9, γ = 0.9, λ =
0.65. The algorithms use ε-greedy exploration strategy with
ε = 0.1 with a decay factor of 0.99. The learning phase
consists of 1,000 episodes with 1,000 steps per episode. The
results of the position and force tracking at the x-axis are given
in Figs. 5-6.
Fig. 5-6 show the force and position tracking, respectively.
From the above results, both LQR and RL algorithms converge
to the same optimal desired force fd∗ . The PI force control
changes the position xd to the virtual reference xr according
to the optimal desired force fd∗ . The PID control guarantees
the virtual reference tracking. In the LQR case, the knowledge
of the environment parameters is mandatory to obtain the
solution of the DARE (11), this problem can be easily solved
by using any identification algorithm such as RLS method.

However it requires three steps for the complete experiment:
the first step is the identification of the environment; the
second step gets the solution of the DARE using the estimates
of the environment; the third step is the complete experiment
for the robot interaction controller. On the other hand, the
RL algorithms do not require knowledge of the environment
dynamics. The success of the algorithms lies in the exploration
of all the state-action pair. The learning and control procedure
is a one step experiment, and the disadvantage of these
algorithms is the learning time and the appropriate selection
of the meta-parameters to accelerate the convergence to the
optimal solution and exploit the current learning.
The advantage of using RL is that we can avoid large forces
when the robot touches the environment at the transient time
as shown in Fig. 6 which also affects the position tracking
as shown in the little overshoot of Fig. 5. It is clear that if
the initial conditions of the robot are near the desired position
or the environment stiffness is small in comparison with the
end-effector stiffness, then the desired force at the transient
time will also be small. The algorithm changes abruptly the
desired force from zero (there is no contact) to the optimal
desired force. To smooth the force curve we can use a lowpass filter or design a slow robot trajectory.
In Fig. 7 is presented the learning curve of the RL algo-

rithms, where it is shown that the use of eligibility traces
accelerate the convergence in less time steps of the RL
methods, mainly the Sarsa (λ). Both methods converge to the
optimal solution in the same number of steps but in different
episode.

Fig. 7. Learning curve

The main disadvantage of using RL methods is the use of
greedy actions, where the actions for which the value function
indicates that the reward is the minimal. However, this can be
computational intensive when the problem has a large or continuous action space [30]. Therefore, the RL-methods usually
discretize the action space, after which the optimization over
the action space becomes a matter of enumeration [20].
VI. C ONCLUSION
In this paper, a simplified model-free robot interaction
control using reinforcement learning is proposed. Only the
optimal desired force is learned, the impedance parameters
corresponding to the environment are not needed, instead we
use a force sensor to measure the contact force. We use a PI
force control to generate the new position reference directly
and a PID control to guarantee position tracking. We use the
feedback control principle to reduce the effects of the unknown
environment dynamics. The experimental results are given
using a 2-DOF pan and tilt robot with the 6-DOF force/torque
sensor. The comparison between the model-based LQR and
reinforcement learning verify our approach with satisfactory
results.
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