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Abstract
Industry 4.0 is taking human-robot collaboration at the center of the production environment. Collaborative robots
enhance productivity and flexibility while reducing human’s fatigue and the risk of injuries, exploiting advanced control
methodologies. However, there is a lack of real-time model-based controllers accounting for the complex human-robot
interaction dynamics. With this aim, this paper proposes a Model-Based Reinforcement Learning (MBRL) variable
impedance controller to assist human operators in collaborative tasks. More in details, an ensemble of Artificial Neural
Networks (ANNs) is used to learn a human-robot interaction dynamic model, capturing uncertainties. Such a learned
model is kept updated during collaborative tasks execution. In addition, the learned model is used by a Model Predictive
Controller (MPC) with Cross-Entropy Method (CEM). The aim of the MPC+CEM is to online optimize the stiffness and
damping impedance control parameters minimizing the human effort (i.e, minimizing the human-robot interaction forces).
The proposed approach has been validated through an experimental procedure. A lifting task has been considered as the
reference validation application (weight of the manipulated part: 10 kg unknown to the robot controller). A KUKA LBR
iiwa 14 R820 has been used as a test platform. Qualitative performance (i.e, questionnaire on perceived collaboration) have
been evaluated. Achieved results have been compared with previous developed offline model-free optimized controllers and
with the robot manual guidance controller. The proposed MBRL variable impedance controller shows improved humanrobot collaboration. The proposed controller is capable to actively assist the human in the target task, compensating for
the unknown part weight. The human-robot interaction dynamic model has been trained with a few initial experiments (30
initial experiments). In addition, the possibility to keep the learning of the human-robot interaction dynamics active allows
accounting for the adaptation of human motor system.
Keywords Human-robot collaboration · Machine learning · Industry 4.0 · Model-based reinforcement learning control ·
Variable impedance control

1 Introduction
1.1 Human-Robot Collaboration in Industry 4.0
Within the Industry 4.0 paradigm [1], a new concept of
smart worker [2] is proposed. In such a scenario, the human
operator is in charge of added-value tasks, management
of the production process and supervision of the operations, being relieved from onerous tasks. To achieve such an
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ambitious result, human-robot collaboration is a fundamental topic to be investigated [3]. Physical human-robot
interaction control is widely investigated to empower the
operator [4–6]. Impedance control [7] is commonly adopted
as a low-level control layer [8, 9], implementing a (tunable) mass-spring-damper compliant system. Inspired by
bio-mechanical systems, researchers have been exploring
the advantages of adapting the impedance behavior of the
controlled robot during the task execution [10], i.e, adjusting its stiffness and damping matrices according to a force
feedback. In such a way, the controlled manipulator is capable to achieve human-like adaptability skills [11, 12]. In the
following, the developed methods in this research field are
analyzed.

Author's personal copy
J Intell Robot Syst

1.2 Variable Impedance Control for Human-Robot
Collaboration: State of the Art
Two families of controllers can be identified from the state
of the art related to variable impedance control for humanrobot collaboration purposes: non-learning-based control
methodologies and learning-based control methodologies.
While the first family of controllers exploits predefined
control laws and sensory-data to adapt the robot impedance
behavior to collaboration state, the second family exploits
sensory-data in order to learn from the human-robot
interaction the optimal impedance model based on desired
performance. In the following, these two main families of
controllers are analyzed.
1.2.1 Non-Learning-Based Control Methodologies
In [13] a variable admittance control method is presented. The method adapts the admittance damping in
real-time. Such an adaptation is performed monitoring
the co-activation of the antagonist muscles by means of
electromyography sensors. In the case that a predefined
muscular activation threshold is achieved, the adaptation
of the damping parameters is performed. Two assistance
modalities are proposed: high-accuracy positioning assistance and low-effort assistance. In [14] an adaptive inverse
control approach is developed for the tuning of the admittance model. The aim of the proposed methodology is to
achieve a prescribed (known) human-robot dynamics given
by an available task model. In [15] a variable admittance
controller is proposed. It infers human intentions by monitoring the variation of the interaction force magnitude,
accordingly tuning the admittance controller damping. The
proposed methodology allows to achieve fine robot positioning (using high damping values) or fast robot motion
(using low damping values). In [16] a methodology adapting the admittance parameters to reduce the human effort
in the collaboration task is developed. Such methodology
exploits energy tanks theory [17] to ensure the passivity of the controller. In [18], the proposed method argued
that human may benefit from robot leadership in humanrobot co-manipulation tasks. A variable admittance controller is proposed, where stiffness is continuously varied
based on a scalar and smooth function that assigns a degree
of leadership to the robot. In [19] human morphology is
considered, presenting a human arm manipulability-based
stiffness adaptation. In [20] an admittance control is proposed. Such methodology generates a reference trajectory
for the controlled robot exploiting the interaction force measurements. In addition, the robot dynamics uncertainties are
included in the control design by means of an adaptive
controller.

1.2.2 Learning-Based Control Methodologies
In [21] a variable impedance control with reinforcement
learning algorithm P I 2 is proposed. Such approach is
defined by a model-free sampling-based learning method
derived from optimal control theory. In [22] a variable
admittance control (using the Reinforcement Learningbased Fuzzy Q-Learning FQL algorithm) is proposed.
The robot end-effector rotational motion is not considered
within the proposed methodology. In [23] an approach
that applies probabilistic learning for robot stiffness
adaptation is proposed. In such a way, the robot behavior
is mapped w.r.t. the task execution. In [24] a model
reference adaptive control is proposed. An inner neuroadaptive controller learns online the robot dynamics to
shape a superimposed impedance behavior without the use
of the task information. An outer task-specific controller
(exploiting a simple pre-defined human operator dynamics)
adapts such inner impedance behavior to achieve a target
human-robot interaction performance. In [25] an LQR
impedance controller is proposed to reduce the human
effort. The impedance controller optimization exploits an
integral reinforcement learning method to avoid the use
of a human dynamics model. In [26] a barrier-Lyapunovfunction-based adaptive impedance control is proposed.
Such methodology incorporates physical limits, transient
perturbations, and time-varying dynamics in the learning
procedure. In [27] neural networks to adapt impedance
parameters online are proposed. The developed method
minimizes the defined cost function, taking into account
the trajectory-tracking errors and the measured interaction
forces. In [28] a data-efficient learning method for variable
impedance control is presented using Gaussian process (GP)
model.
1.2.3 Considerations
Even in the case of adaptive controllers, the main limitations of the above mentioned non-learning-based methodologies consist in a limited variation of task conditions
that can be faced by the proposed controllers, limiting
their applicability. Therefore, such approaches require a
good knowledge of the target task dynamics in order to
tune the control parameters. In fact, without having the
possibility to learn the task dynamics, a complete retuning of the controller is not feasible. Learning-based controllers are indeed powerful tools. It is, in fact, possible to
exploit such methodologies to automatically tune the taskspecific controller through trial-and-error procedures. However, most of the learning-based methods mentioned above
are based on a model-free reinforcement learning approach,
requiring a too high number of trials (hundreds or even

Author's personal copy
J Intell Robot Syst

thousands of required experiments) to achieve target performance (not feasible for all industrial applications). Other
approaches (such as [24] and the ones related to programming by demonstration and imitation learning [29, 30]) have
the focus of the learning only on a specific task objective,
without considering the complex human-robot interaction
dynamics modeling and learning for model-based control
design. Only few of the above described approaches consider such human-robot interaction dynamics modeling.
[28] is based on learning the interaction dynamics between
the robot and the environment using a GP model. The
learned model is then used to optimize the impedance
control parameters. Nevertheless, the computation of the
new set of impedance control parameters takes minutes,
which is far from real-time implementation purposes in
industrial environments. In fact, although GP models have
high sample-efficiency [31], giving an accurate estimate
of model uncertainties (which is essential for model-based
approaches to succeed) [32], the main drawback of such
approach is that it is very slow when data-set is large (do
not scale with the data-set), and it can work only with
a certain type of loss functions. Additionally, GP models
are not good at representing non-smooth dynamics, typical behavior of high nonlinear systems such as human-robot
interaction dynamics.

1.3 Human-Robot Interaction Dynamics Modeling
for Control Purposes: State of the Art
Although the human’s arm dynamics results to be highly
nonlinear and difficult to be modeled [33, 34], humanrobot interaction dynamics modeling has been proved to
be important in model-based control design for humanrobot collaboration, even considering simplified modeling
[35–37]. Machine learning techniques have been applied in
order to learn such human-robot interaction dynamics to be
exploited in model-based controllers. Some of the works
exploit a priori human’s arm dynamics modeling. In [38]
a method for human intention estimation using Gaussian
Processes (exploiting an empirically identified impedance
dynamic model for the human arm) is proposed, allowing
the estimation of the human motion intention exploiting
the measured interaction forces. In [39] the computation of
the interaction forces in a collaborative object manipulation
task is proposed. Such method exploits the theoretical
studies on the human arm movements to identify a dynamic
model. Such dynamics is embedded in the proposed control
strategy to perform the collaborative task. However, such
approaches are not capable of capture the highly nonlinear
behaviors of the human-robot interaction dynamics. Other
approaches involve instead the learning of the complex
nonlinear human-robot interaction dynamics. In [40] a data-

efficient unsupervised reinforcement learning framework is
proposed. In such a way, the robot is capable to learn the
task from its own sensory-data. The uncertainties related
to the human actions is modeled using the Gaussian
Processes theory. In [41] a data-driven learning approach
is proposed for the control of an exoskeleton robot. By
means of electromyography signals, a cost function is
proposed to learn the assistive control strategies. In [42]
a method for human–robot collaboration is proposed. The
controlled robot behavior is adapted online to the human
motor fatigue, estimated using a model based on the
muscles activity measurements. However, no approaches
applying the learned nonlinear human-robot interaction
dynamics to variable impedance controller can be found.
As highlighted by the above state of the art analysis, the
combination of variable impedance control with nonlinear
human-robot interaction dynamics modeling may lead to
high-performance model-based controllers for human-robot
collaboration purposes, making a conceptual step beyond
the current available control solutions.

1.4 Paper Contribution
In order to develop an efficient control methodology,
capable to model the complex human-robot interaction
dynamics and to exploit it for the online optimization of
the impedance parameters for human-robot collaboration
purposes (i.e, minimizing human-robot interaction forces,
therefore, reducing the human effort), a model-based
reinforcement learning (MBRL) variable impedance control
is proposed. In particular, three main components are
defined: (i) an impedance controller, (ii) a human-robot
interaction dynamics modeling approach, and (iii) an
online optimizing impedance control parameters strategy.
Considering (i), the impedance control allows designing
a compliant behavior for the manipulator, being able
to safely interact with the human operator. Considering
(ii), the proposed methodology relies on Artificial Neural
Network (ANN) models [43]. The ANNs are offline
trained, learning the human-robot interaction dynamics,
and updated periodically, in order to keep the humanrobot interaction dynamics learning active (i.e, accounting
for the adaptation of human motor system). The obtained
model allows correlating the interaction states at time t
(i.e, force, derivative of the force, Cartesian position and
Cartesian velocity at the robot end-effector) with the control
variables (i.e, stiffness and damping impedance control
parameters) in order to predict future interaction states
at time t + dt. In addition, ANNs are very expressive,
can represent any nonlinear function (more often present
in robotics), and very efficient when the data-set is large
(scale well with the data-set using modern GPUs). The
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main drawback of ANNs is the fact that they suffer from
over-fitting when the data-set is small, which leads to poor
performance. To overcome such issue, the presented work
implements an ensemble of ANNs to learn the human-robot
interaction dynamics. In such a way, ANNs have as an
output a distribution over a prediction instead of a single
value. It is, therefore, possible to capture the uncertainties
related to the human-robot interaction dynamics, improving
the performance of the prediction [32]. Considering (iii),
the proposed methodology implements a Model Predictive
Controller (MPC) with Cross-Entropy Method (CEM) to
online optimize the impedance control parameters (i.e,
stiffness and damping parameters). The objective of such
optimization is the minimization of the human forces
applied to the robot in the collaborative application (i.e,
the human effort). The proposed control methodology
exploits the human-robot interaction dynamics modeling
in (ii), performing interaction states predictions over a
finite prediction horizon H . A cost function minimizing the
human interaction forces (i.e, minimizing the human effort)
is defined and exploited in the optimization procedure for
the online control parameters optimization.
The here proposed MBRL has been developed in order
to identify the human-robot interaction dynamic model, to
be exploited in the design and optimization of the presented
controller. Other techniques can also be investigated to
compute the optimal control action. Dynamic programming
algorithms [44–46] can be applied to estimate the target
cost function (i.e, approximating it since the theoretical
solution of the used Bellman equation is very difficult to
be obtained, except for simple systems), e.g., exploiting
ANNs. The optimal control signal can then be determined
by minimizing the cost function (or maximizing a reward
function). However, the use of such techniques does not
allow to identify the human-robot interaction dynamics
and they are very sensitive to the target cost function
to be estimated. Identifying the human-robot interaction
dynamics it is instead possible to easily adapt the objective
of the controller on the basis of the specific task/scenario.
In such a way, it is possible to avoid to perform from
scratch the estimation of a new target cost function due to a
(partially) new scenario or controller objective.
The proposed MBRL variable impedance controller has
been validated in experimental tasks involving a KUKA
LBR iiwa 14 R820 as a test platform (Fig. 1). A lifting
task of an unknown payload (10 kg) has been used
as a reference task. Qualitative (i.e, questionnaire on
perceived collaboration) performance have been evaluated,
comparing the obtained results with previous developed
offline model-free optimized controllers [47] and with the
robot manual guidance controller. The proposed MBRL
variable impedance controller shows improved human-robot
collaboration, empowering the human operator in executing

Fig. 1 KUKA LBR iiwa 14 R820 robot involved in the validation
setup

the task. The novelties of the proposed approach are,
therefore, related to:
–

–

–

the efficient human-robot interaction dynamics modeling (requiring a limited number of initial training
experiments, specifically, 30 initial trials) performed
exploiting the proposed ensemble of ANNs;
the possibility to keep the human-robot interaction
dynamic model updated while human-robot collaboration is performed (i.e, accounting for the adaptation of
human motor system);
the online exploitation of the human-robot interaction
dynamic model to optimize the impedance control
parameters (minimizing the human forces applied to the
robot, i.e, to reduce the human effort) by means of the
proposed MPC.

The main advantages of the proposed approach are,
therefore, related to:
–

–
–

–

the possibility to identify the complex human-robot
interaction dynamics, accounting for uncertainties in
the human-robot collaboration and updating such model
to the changes in the human motor system;
the possibility to exploit the learned complex humanrobot interaction dynamics to optimize the control action;
the possibility to easily modify/adapt the objective
of the controller optimization to a different target
performance;
the possibility to exploit all the acquired data (to identify and update the human-robot interaction dynamics)
for the control design and optimization without performing a re-identification procedure of the new cost
function from scratch (in the case that the objective of
the controller changes).

Considering the previously developed offline model-free
optimization methodology, the proposed approach is less
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time-consuming, not requiring a complex learning process
and having the possibilities to model varying human-robot
interaction dynamics through the human-robot collaboration application (i.e, different human operators, changing
fatigue levels, different applications).
General Notation
Mr , Cr , Kr

xr

fr
dt
gd
xt
Drand

DRL

ut
H
τ

: mass, damping, and stiffness impedance
matrices, respectively, composed by both the
translational and rotational components
: xr = xr − xdr , where xdr is the impedance
control setpoint and xr the robot Cartesian
position/orientation vector
: external wrench vector (i.e, force and
torque) applied to the manipulator
: sampling time for both impedance control
setpoint and measurements
: gravity vector gd = [0, 0, 9.81, 0, 0, 0]T
: human-robot interaction dynamics state
vector at time t; xt = [fr , ḟr , xr , ẋr ]T
: recorded data for the initial ensemble of
ANNs training modeling the human-robot
interaction dynamics
: online recorded data for the update of
the human-robot interaction dynamic model
exploiting the ensemble of ANNs
: MPC control action vector at time t; ut =
[diag(Kr ), diag(Cr )]T
: MPC finite prediction horizon (i.e, MPC
optimization sampling time);
: torque vector output from impedance
control

control schema (a) capable to model the complex humanrobot interaction dynamics, (b) online optimizing the
impedance parameters (c) to empower/assist (i.e, minimizing human forces applied to the robot, i.e, minimizing the human effort) the human operator in collaborative onerous tasks. To do that, (i) an impedance
controller to achieve a compliant robot behavior, (ii)
a human-robot interaction dynamics modeling approach
(offline trained and online updated) relying on an
ensemble of Artificial Neural Networks, and (iii) a
Model Predictive Controller employing a Cross-Entropy
Method for the online optimization of the impedance parameters (i.e, stiffness and damping parameters) are proposed.
The MBRL variable impedance control schema is shown in
Fig. 2.
In the following, the implemented impedance controller (Section 2.1), the ensemble of ANNs approach
(Section 2.2.2) and the MPC with CEM (Section 2.3) are
detailed.

2.1 Cartesian Impedance Control
The inner Cartesian impedance control [48] is considered
to implement the proposed MBRL variable impedance
controller:
Mr ẍr + Cr ẋr + Kr xr = fr .

Impedance control receives as an input the interaction
state xt and the impedance control stiffness and damping
matrices. The updated impedance control setpoint xdr is
applied at each control-step on the basis of the following
law:
 −1
xdr = xr + K−1
r fr + Mp Kr gd .

2 Methodology
The main purpose of this paper is to design a modelbased reinforcement learning (MBRL) variable impedance
Fig. 2 Model-based
reinforcement learning variable
impedance control schema. The
ensemble of ANNs employed
for the human-robot interaction
dynamics modeling (offline
trained and online updated), the
Model Predictive Controller
employing the Cross-Entropy
Method for optimization of
control parameters, and
impedance controller are
highlighted

(1)

(2)

The term K−1
r fr allows deforming the impedance control
setpoint xdr to assist the operator exploiting the measured
p K−1
force, while the term M
r gd allows to compensate for
p . Indeed, the payload
the estimated payload weight M
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p is estimated on the basis of the measured forces
weight M
before the collaborative task starts (i.e, in this task-phase
no interaction between the human and the robot is present).
The forces are measured in a 1 s time-window, the vertical
p is
force component is computed and averaged, so that M
estimated as:
nsample

fr,z (i)
nsample

i=0

p =
M

gd,z

,

(3)

where nsample is the number of samples in the considered
p gd estimation is also used to remove
time-window. The M
the payload offset from force measurements fr during the
next human-robot collaboration phase.
The stiffness and damping parameters are online
optimized and updated to the impedance controller by
the MPC, exploiting the human-robot interaction dynamics
modeling performed by the ensemble of ANNs. In the
following, the human-robot interaction dynamic model
learning methodology based on an ensemble of ANNs, and
the MPC employing the CEM are detailed.
Remark 1 It has to be underlined that the KUKA LBR iiwa
14 R820 impedance control damping
√ is imposed as damping
ratio diagonal matrix hr (Cr = 2 Mr Kr hr ).
Remark 2 It has to be remarked that the estimation of the
payload weight doesn’t need to be accurate. As it will be
shown in Section 2.2.2, the ensemble of ANNs will be able
to capture human-robot interaction dynamics uncertainties
also related to the payload weight.
Remark 3 It has to be underlined that the proposed paper
considers translational degrees of freedom (DoFs), while
involving pre-defined rotations of robot end-effector (fixed
rotations are considered for the reference task described in
Section 3). Such an assumption is common in many real
tasks (such as insertions, assemblies, etc.) where no reorientation of the robot end-effector is required, or when
a bulky and/or heavy payload is manipulated and rotation
path is pre-calculated (i.e, defining a reference trajectory
for the robot) [9, 49] (see https://www.youtube.com/watch?
v=mdYpZZw93YE). The extension to rotations is under
development, on the basis of the quaternion description.

2.2 Human-Robot Interaction Dynamics Modeling
2.2.1 Model-Based Reinforcement Learning vs. Model-Free
Reinforcement Learning
Reinforcement learning [50] is one of the most effective
methodologies to perform the mapping (i.e, to identify

the correlation) between inputs and outputs of a dynamic
system for optimization purposes. Reinforcement learning
algorithms can be broadly classified in two main families:
model-free and model-based methodologies [51]. Considering model-free reinforcement learning approaches, the
policy is found without the need to estimate a model of the
system dynamics, while model-based reinforcement learning approaches build a transition dynamics model of the
system dynamics, used for internal simulations (to improve
the policy) and predictions of the rewards and optimal
actions. While being more computationally intensive w.r.t.
model-free methodologies, the model-based reinforcement
learning is more data-efficient. In fact, in robotics, this characteristic significantly reduces the physical experiments to
be performed (i.e, model-based approaches are less timeconsuming). In addition, one of the main advantages of
learning the transition dynamics is that by changing the
reward or cost function that is used for evaluation of the
actions, new behaviors and objectives can be achieved without the need to learn from scratch which is the case for other
methods. [52–54]. On the other hand, transition dynamics models have a huge influence on the performance of
model-based reinforcement learning algorithms. In fact, the
policy learning relies on the accuracy of their predictions. In
Section 2.2.2 the proposed approach to learn the transition
dynamics model (i.e, the human-robot interaction dynamics) to be used in the proposed model-based reinforcement
learning approach is described.
2.2.2 Ensemble of Artiﬁcial Neural Networks Modeling
the Human-Robot Interaction Dynamics
In order to design the proposed model-based reinforcement
learning approach, human-robot interaction dynamics (i.e,
the transition dynamics) has to be modeled. Humanrobot interaction dynamics has a very complex nonlinear
behavior, difficult to be modeled [39]. Commonly, works
in the human-robot collaboration field define simplified
human-robot interaction dynamics models (e.g., impedance
models) to be used for the model-based control design [55].
However, such simplified models are not able to account for
the real complexity of such dynamics, limiting the controller
performance. Therefore, there is the need to model the
complete nonlinear human-robot interaction dynamics to
improve the performance of the collaboration.
There are many ways to learn the transition dynamics
model required by the model-based reinforcement learning approach [52]. Artificial Neural Networks (ANNs) have
some advantages over other methods: ANNs are general
function approximators capable of learning arbitrary complex nonlinear functions which is often present in robotics.
Moreover, ANNs are very efficient and can easily scaleup with the data size thanks to parallelization with modern
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GPUs, and ANNs are the only function approximators that
can work with high dimensional state spaces. However,
because of their expressivity, ANNs tend to overfit in low
data regime. To counter-act such issue, it is shown in [32,
43, 56] that using an ensemble of ANNs is an effective
solution to capture model uncertainty where there are less
data. In the region of the state-space where there are more
data availability, ANNs agree with each other. In the region
where there are less data, ANNs tend to disagree with each
other, hence, capturing the uncertainty over the models.
In other words, each ANN is certain about its predictions
but its model cannot be considered reliable. Therefore, to
capture the dynamics uncertainties, a model describing the
human-robot interaction dynamics can be created exploiting the ensemble of ANNs (Fig. 3), to be used by the MPC
controller for control action ut optimization.
The following procedure has been implemented in order
to train and update the ensemble of ANNs:
–

–

–

defining the ANN architecture: There is no standard
way of finding a good ANN architecture, it is an
iterative procedure. The intuition is to have enough
layers and hidden units to capture the transition
dynamics. In [32] it has been shown that the architecture
with 5 hidden layers and 512 hidden units is able to
capture the dynamics of wide variety of tasks. Hence,
this architecture is used in this work.
defining the input layer: Learning the transition
dynamics is performed defining the input layer including both the states of the human-robot system x t and
the control inputs ut at time t (Fig. 3).
defining the output layer: Learning the transition
dynamics can be difficult when the states xt and xt+dt
are too similar and the control input has seemingly little
effect on the output. To overcome this issue, in [53]
it is proposed instead to learn a function of the target
dynamics
fw (xt , ut ) that predicts the change in the state
xt over the time step duration dt (Fig. 3):

xt+dt = xt +
fw (xt , ut ).

(4)

–

–

–

–

hidden layers: Deep learning models consist of more
than one hidden layer. In order to learn any complex
function, such models require to have a nonlinear
transformation of input data which is done by hidden
layers. The ReLU (Rectified Linear Unit) function can
be used for this purpose [57].
initial data set for training: For initial training of
ANNs, the target task is executed using random control
input parameters and recorded the output data during
the human-robot collaboration (Drand ). Then, the data
is put in the correct format (i.e, with respect to
Section 2.2.2).
defining the ensemble size: The size of the ensemble
of ANNs is selected to be the minimum size required
to capture model uncertainties. Such a procedure is
iterative. From experimental tests, a size of 5 ANNs
has been found to be a good solution for the proposed
problem.
ANNs periodic update: The ensemble of ANNs is
updated periodically (i.e, accounting for the adaptation
of the human motor system) using DRL data after
3 new task executions, improving and adapting the
model

Remark 4 Data Drand and DRL for initial training and
online update are recorded if a human force is detected by
the robot (in particular, if | fr |> fint , with fint = 3 N) in
order to avoid the recording of not meaningful data.

2.3 Online Optimization of Impedance Control
Parameters
2.3.1 Cost Function Design
The objective of the MPC is to optimize the impedance
control parameters (i.e, stiffness and damping) in order
to minimize the interaction forces during the human-robot
collaboration (i.e, minimizing human effort). Indeed, to
achieve the goal, the following quadratic cost function
C(xt , ut ) (a function of the interaction state xt and control
action ut ) is proposed:
C(xt , ut ) = xTt Qxt + qxt + uTt Rut + rut ,

Fig. 3 Typical architecture of the ANN providing a model of the
variation of the human-robot interaction dynamics 
fw (xt , ut ).

(5)

where Q and R are the optimization gain matrices, q and
r are the optimization gain vectors. Q matrix has non-zero
values kQ only on diagonal elements in correspondence of
the wrench states related to Cartesian forces, q vector has
non-zero values kq only in correspondence of the wrench
state related to Cartesian forces, R is imposed to R = 0, r
vector is imposed to r = 0.
The cost function in Eq. 5 is then used in the MPC
to optimized the impedance control parameters (i.e, to
optimize the control action ut ).
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Remark 5 Having the above definition of optimization
gain matrices/vectors means that only interaction Cartesian
forces are taken into account in the optimization. Therefore,
Cartesian force derivative ḟr , position xr and velocity ẋr do
not have any influence on the optimization.
2.3.2 Model Predictive Control with Cross-Entropy Method
The learned interaction dynamics 
fw (xt , ut ) Eq. 4, together
with the cost function C(xt , ut ) Eq. 5, are employed
by an MPC in order to optimize the impedance control
parameters (i.e, the control action ut ). Defining the MPC
finite prediction horizon H , a sequence of control actions
(H )
= (ut , ..., ut+H −dt ) is optimized, using the learned
Ut
dynamics models to predict future states:
)
U(H
= arg min
t
(H )

Ut

t+H
−dt


C(
xξ , uξ );
xt = xt ,
xξ +dt

ξ =t

=
xξ + 
fw (xξ , uξ ).

(6)

The exact calculation of the optimum of Eq. 6 is not
possible due to the high nonlinearity of the problem. In
Algorithm 1 Pseudocode for Cross-Entropy Method.
Learnrate = α ∈ [0, 1] is considered, with typical
value of 0.7.
Input: P roblemsize , Samplesnum ,
UpdateSamplesnum , Learnrate , V armin ;
Output: Sbest ;
Means ← InitializeMeans();
Variances ← InitializeVar();
Sbest ← 0;
while Max(Var) ≤ V armin do
Samples ← 0;
for i = 0 to Samplesnum do
Samples ← GenerateSample(Means, Var);
end
EvaluateSamples(Samples);
SortSamplesByQuality(Samples);
if Cost(Samples0 ) ≤ Cost(Sbest ) then
Sbest ← Sampless0 ;
end
Samplesselected ← SelectBestSamples(Samples,
UpdateSamplesnum );
for i = 0 to P roblemsize do
Meansi ← Meansi + Learnrate ×
Mean(Samplesselected , i);
V ari ←
V ari + Learnrate × Var(Samplesselected , i);
end
end
return Sbest ;

order to calculate an approximate solution of the above
finite-horizon control problem, the Cross-Entropy Method
is exploited [58]. The CEM is a probabilistic optimization belonging to the field of Stochastic Optimization. The
strategy of the algorithm is to sample the problem space
and approximate the distribution of good solutions. This
is achieved by assuming a distribution of the problem
space (such as Gaussian), and sampling from this distribution to generate candidate solutions. Then, the distribution is updated on the basis of the best discovered
candidate solutions. As the algorithm progresses, the distribution becomes more refined, until it focuses on the area
of optimal solutions. Pseudocode of CEM is presented in
Algorithm 1.
The procedure for calculating the best control action ut is
repeated until convergence to optimal values. Furthermore,
rather than have the controller executing the control action
sequence in open-loop, an MPC has been implemented
[59]. The controller executes the control action ut , receives
updated state information xt+dt , and recalculates the
optimal control action sequence at the next time step.
The pseudocode describing its implementation is given in
Algorithm 2.
Remark 6 It has to be underlined that the optimization of
the control action ut and its update is performed when the
human force is detected, i.e, when the interaction force
| fr |> fint , with fint = 3 N.
Remark 7 It has to be underlined that constraints can
be included in the MPC (such as for safety rules
implementation) in order to impose limitations to the control
action optimization.

Algorithm 2 Pseudocode for MPC.
gather dataset DRand of random trajectories;
initialize empty dataset DRL ;
randomly initialize ensemble of N, 
fw neural networks;
for iter=1 to max-iter do
train all 
fw (xt , ut ) functions using DRand , and
DRL ;
for ξ = t to H do
get current states xξ ;
use 
fw (xξ , uξ ) to estimate optimal control
(H )
action sequence Ut (Algorithm 1);
(H )
execute first control action ut from Ut ;
get the new state xt+dt ;
add (xt , ut , xt+dt - xt ) to DRL ;
end
end
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3 Experimental Evaluation in Human-Robot
Collaboration Task
3.1 Validation Scenario
The considered scenario for the validation of the here
proposed MBRL variable impedance controller is the same
as in the work described in [47].
10 healthy males subjects and 5 healthy females subjects,
for a total of 15 healthy subjects (age 29 ± 4 years), have
performed the validation experiments.
A KUKA LBR iiwa 14 R820 robot has been involved
in the experimental tests to collaborate with the human
(Fig. 1). The human-robot interaction forces have been
measured using the joint torque sensors of the manipulator.
The BTS FreeEMG300 system has been used to measure
the upper-limb electromyography activity of the subject
involved in the experiments.
A lifting task of an unknown (to the robot controller)
payload (10 kg) has been considered as a reference task
(Fig. 4). The complete task description can be found in [47].
The MBRL variable impedance control has been applied to
the vertical Cartesian DoF z, while x and y components of
Eq. 2 have been kept constant. In such a way, authors would
like to highlight the evaluation of the perceived human-robot
collaboration in the most critical Cartesian direction (i.e, in
which the payload has to be compensated). The application

of the proposed MBRL variable impedance controller to
the x and y Cartesian DoFs is straightforward. The vertical
trajectory performed by the human in interaction with the
robot has been online calculated by Eq. 2 as described in
Section 2.1, while the related impedance control parameters
have been online optimized by the MPC as described in
Section 2.3. The end-effector orientation has been kept
fixed during the task execution, as stated in Section 2.1. As
described in Section 2.1, before to start the human-robot
collaboration task (i.e, without any interaction between the
human and the robot), a quick estimation of the payload
p is performed, exploiting the measured forces at
weight M
the robot end-effector, so that its weight can be compensated
in Eq. 2.
Performance of the proposed MBRL variable impedance
controller have been compared with previously developed
offline model-free optimized controllers [47]. Additionally,
the proposed MBRL variable impedance controller has been
compared with the KUKA iiwa 14 R820 high-performance
manual guidance controller with perfect-weight compensation and uncertain-weight compensation (30% of difference
between the real weight and the compensated weight),
typical CAD part weight modeling errors [47]. Thus,
six controllers have been implemented, tested and compared: (1) an interaction forces-based controller iFctrl [47],
(2) a trajectory smoothness-based controller iJ Nctrl [47],
(3) an electromyography-based controller iEMGctrl [47],
(4) an MBRL variable impedance controller MBRLctrl
(Section Section 2), (5) a perfect-weight compensation
KUKA iiwa manual guidance controller KU KActrl , (6)
an uncertain-weight compensation KUKA iiwa manual
guidance controller KU KActrl,u . To avoid any influence
on the results related to the sequence of the controllers,
their testing order has been randomized and no information of the current tested strategy has been given to the
subjects [47].
Remark 8 The proposed MBRL impedance controller can
be applied to industrial manipulators that are not equipped
with joint torque sensors. In fact, adopting a force/torque
sensor mounted at the robot end-effector (between the robot
flange and the human-robot interaction handle to being able
to measure the interaction forces/torques applied by the
subject) or exploiting interaction force estimation based on
motor currents measurements [60], it is possible to apply the
proposed methodology without any modification.

3.2 Software

Fig. 4 Cooperative lifting task highlighting for the evaluation of the
proposed MBRL variable impedance controller

The proposed MBRL variable impedance controller has
been implemented on the KUKA LBR iiwa 14 R820 on the
basis of the ROS framework, exploiting the iiwa stack [61]
(Fig. 5). The ensemble of ANNs has been implemented on
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Table 2 MPC and CEM internal parameters setting
Number of samples
Number of elites
Learn Rate
Maximum Iterations

Fig. 5 Proposed MBRL variable impedance controller implemented in
the ROS framework

the basis of the PyTorch library [62]. CEM and MPC have
been ad hoc implemented in Python. A c++ wrapper has
been developed in order to have ROS nodes communicating
with the control layer.
A control frequency of 100 Hz (i.e, dt = 0.01 s) has
been imposed to update the impedance control setpoint.
Such control frequency has been the maximum achievable
reliable control frequency by means of the iiwa stack. In
fact, iiwa stack for Cartesian impedance control exploits
the KUKA iiwa Sunrise DirectServo motion commands,
allowing to control the robot between 50 and 100 Hz. The
same frequency has been used to sampling the robot states
(i.e, interaction force fr , derivative of the interaction force
ḟr , Cartesian end-effector position xr and velocity ẋr ).
The ensemble of ANNs (Section 2.2.2) internal parameters [43] have been tuned on the basis of experimental validation and [32] to the values shown in Table 1.
30 initial sets of impedance control parameters have
been defined to train the ensemble of ANNs. In such
a training phase, stiffness has been imposed equal to
[500, 1000, 2000, 3000, 4000, 5000] N/m, while damping
ratio has imposed equal to [0.1, 0.3, 0.5, 0.7, 0.9]. All the
possible combinations have been used for the initial training. The CEM parameters (Section 2.3) internal parameters
[58] have been tuned to the values shown in Table 2. The
Table 1 ANNs internal parameters setting
Ensemble Size
Number of hidden layers
Number of hidden units

5
5
512

64
32
0.9
10

setting of such parameters have been performed to achieve
a computation time less than 0.2 s (i.e, the MPC finite prediction horizon H = 0.2 s). In such a way, the MPC control
frequency has been imposed to 5 Hz (i.e, for stiffness and
damping parameters update). In fact, in order to guarantee
stability in the human-robot collaboration [63] and due to
the slow dynamics displayed by both impedance control and
human’s arm [64], such control frequency has been selected
to avoid any drastic change in the coupled human-robot
interaction dynamics, while being an order of magnitude
faster than the common human motion dynamics ( 0.5 Hz
[65]). The gain values kQ related to the matrix Q in Eq. 5
has been imposed equal to 5. The cost function values kq
related to the vector q in Eq. 5 has been imposed equal to 5.
The MPC updates online the impedance control stiffness
and damping ratio parameters along the vertical axis z on the
basis of the optimized values in the range [500, 5000] N/m
and [0.1, 0.9] for stiffness and damping ratio, respectively.
Impedance control stiffness and damping ratio parameters
along x and y Cartesian DoFs have been imposed to
2500 N/m and 0.7, respectively. The impedance control
rotational stiffness and damping ratio parameters have
been imposed as follows: Kr,transl = diag(300, 300, 300)
Nm/rad, hr,transl = diag(0.9, 0.9, 0.9) (i.e, high stiffness
and high damping to limit as much as possible deformations
and oscillations).

3.3 Experimental Results
3.3.1 Human-Robot Interaction Dynamic Model Validation
The learned human-robot interaction dynamic model is
fundamental for the effectiveness of the proposed MBRL
variable impedance controller. In fact, on the basis of the
learned model, the MPC computes the optimized impedance
control parameters to be applied during the human-robot
collaboration task. Therefore, such model affects the task
dynamics and the human perception of the collaboration
with the robot. It is therefore mandatory that the proposed
approach is capable to model the complex human-robot
interaction dynamics to succeed in the MBRL variable
impedance control purposes.
In order to validate the proposed model, Fig. 6 shows the
training loss and the test loss for the 5 ANN. ANNs has
been trained on the basis of the initial 30 trials, while the
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ANN #1

ANN #2

ANN #3

ANN #4

ANN #5
Fig. 6 Training loss (red line) and test loss (blue line) for the 5 ANN

test has been performed considering additional 15 trails with
random generated values for stiffness and damping ratio
parameters. Such plots highlight that the proposed ensemble
of ANNs is capable to model the human-robot interaction
dynamics. Figure 7 shows the measured interaction force
fr,z along the vertical direction z, and its predictions

performed by the trained ANNs with the initial dataset
DRand for one lifting experiment (comparable results are
shown for all the other experiments). The ensemble of
ANNs is capable to model the uncertainties related to the
human-robot interaction dynamics, being effective for the
implementation of the proposed MBRL variable impedance
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seen from Fig. 8, stiffness values are optimized to small
values (i.e, the robot is soft and easy to be positioned while
collaborating with the human - results are consistent with
optimization in [47]). Picks shown in the Figure are related
to very small measured interaction forces fr,z , which are
related to bigger uncertainties in the learned human-robot
interaction dynamic model.
3.3.3 MBRL Variable Impedance Controller Performance
in Human-Robot Collaboration
Fig. 7 Measured interaction force fr,z for a lifting task (dashed red
line), and the predictions of the five ANNs (continuous lines) are
shown

controller. The ensemble of ANNs is then used in Eq. 6
to optimize the impedance control stiffness and damping
ration based on the cost function Eq. 5. The human-robot
interaction dynamics model is online updated on the basis
of the dataset DRL ti improve the model.
3.3.2 Online Impedance Control Parameters Optimization
On the basis of the human-robot interaction dynamic model
learned by the ensemble of ANNs, the MPC computes
online the optimized impedance control parameters (i.e,
stiffness and damping) in order to minimize the humanrobot interaction forces. Figure 8 shows the online optiopt
mization of the impedance control stiffness Kr,z in a lifting
task experiment. As stated in Section 2.3.2, the optimization of the impedance control parameters is performed when
the human force is sensed by the manipulator. As it can be
Fig. 8 Optimized impedance
opt
control stiffness Kr,z is shown
for a given lifting task

The human-robot collaboration performance have been
qualitatively assessed using a questionnaire at the end of
each experiment, for all the subjects (as described in [47,
66], defining the following metrics: Naturalness, Smoothness, Effort, Motion, Stability, Detection of intention, Overall performance. See [47] for the complete description of
the metrics. All the metrics scores are in the range [0, 4]
(where 0 is related to very bad performance, 4 to very good
performance).
The questionnaires scores of each performance criteria
are shown in Fig. 9, while the overall performance criterion
is shown in Fig. 10. Each subjects has ranked the proposed
criteria w.r.t. each controller proposed in Section 3.1.
Results indicate that the previously developed offline
model-free electromyography-based controller and the
MBRL variable impedance controller are the most performant methodologies. Their peeformance are improved
w.r.t. the perfect-weight compensation KUKA iiwa manual
guidance controller KU KActrl . It is important to underline that the proposed MBRL variable impedance control is
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more efficient than the offline model-free iEMG optimized
approach, requiring only 30 initial training experiments vs.
405 initial training experiments. Moreover, the MBRL variable impedance controller allows to continuously update the
learned human-robot interaction dynamic model, being able
to capture changes in the interaction dynamics and in the
human motor system (not possible in the previously developed approach in [47]). One of the most valuable results
is related to the Effort criterion. In fact, the Effort criterion
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Fig. 9 a Naturalness, b
Smoothness, c Effort, d Motion,
e Stability, f Detection of
Intention criteria of the
questionnaire [47] for the
different tested controllers

(f)
allows to evaluate the perceived physical load by the human
operator (Fig. 9c). In particular, it can be underlined that
the uncertain-weight compensation KUKA iiwa manual
guidance controller KU KActrl,u becomes too heavy for
human-robot collaboration even in the presence of a limited weight modeling error. In addition, the proposed MBRL
variable impedance controller MBRLctrl performs better
than the perfect-weight compensation KUKA iiwa manual
guidance controller KU KActrl .
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human. This means that constraints representing safety limitations will be included (such as in [67–69]) in the MPC
to guarantee the computation of the optimal control action
satisfying both performance and safety. As shown from
experimental results, the online use of electromyography
measurements can even improve the human-robot collaboration. The online use of such measurements is therefore
under consideration to be included in the MPC. Finally, the
automatic optimization of the ANNs and MPC parameters
based on AI techniques is under investigation.

Overall Performance

4
3
2
1
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Fig. 10 Overall performance criterion of the questionnaire [47] for the
different tested controllers

4 Conclusions
The presented work proposes an MBRL variable impedance
control to minimize the interaction forces in human-robot
collaboration tasks. The proposed approach implements
(i) an impedance control, (ii) an ensemble of Artificial
Neural Networks, and (iii) a Model Predictive Controller
employing a Cross-Entropy Method. The aim of the
proposed methodology is to create and online update (i.e,
accounting for the adaptation of human motor system)
a model of the human-robot interaction dynamics, being
exploited for online optimization of impedance control
parameters. The proposed approach allows to continuously
update the human-robot interaction dynamics, accounting
for uncertainties and human motor system adaptations.
Optimization is also maintained effective exploiting such
model update during the human-robot collaboration. In
addition, it allows to easily adapt the objective of the
control design and optimization without losing data (relying
on the identified and updated human-robot interaction
model). A lifting collaborative task has been defined
as reference task, involving 15 human subjects. Results
are compared with previous developed offline model-free
optimized controllers and with the robot manual guidance
controller, highlighting better performance for the proposed
MBRL variable impedance controller.
To improve the here presented methodology, redundancy
optimization is under investigation. The optimization of the
impedance setpoint control law is also under consideration,
together with the improvement of the cost function definition. In addition, safety rules will be embedded in the MPC
controller to ensure safe and reliable interaction with the
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working on the topic of “Model-Based Reinforcement Learning for
Robot Manipulation”. He won the silver medal in Iran’s National Skill
Competition in Mechatronics (2014).

Paolo Franceschi received the B.Sc. degree in Aerospace engineering
and the M.Sc. in Mechanichal engineering from Politecnico of Milano,
in 2015 and in 2017, respectively. During his studies he spent a period
at IBM Almaden Research Center in San Josè, California, involved
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