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Introduction: The difference between model-free and model-
based reinforcement learning (RL) is discussed in this paper. Focus
is on data-efficiency and robustness against neglected high-fre-
quency dynamics. The conclusion is that the less common
model-based RL strategy has clear advantages. For moving devices
in intelligent manufacturing systems, a more specific model-based
RL method is therefore proposed. The method involves estimation
of a nonlinear state-space model, where minor physical knowledge
can be easily introduced. Based on this nonlinear model and a feed-
back/feedforward controller design, a simple temporal optimiza-
tion procedure is outlined. The path is then assumed to be given,
while velocity and acceleration can be modified such that energy
is saved. In robot applications, this temporal optimization strategy
has shown to be able to save up to 25% energy and 50% peak power,
still keeping the original desired makespan.

Moving devices in intelligent manufacturing: Moving devices
are often important elements in intelligent manufacturing sys-
tems, where increased intelligence is achieved by adding more
autonomy and adaption in such devices. Common examples of
intelligent moving devices are automated guided vehicles (AGVs)
and autonomous robots. Feedback control is a key element to
achieve this adaption and autonomous system behavior of intelli-
gent moving devices.

Control design requires dynamic knowledge: Knowledge
about the dynamic system behavior is crucial in the design of feed-
back control systems. This knowledge is often achieved by formu-
lating dynamic system models, based on physical laws and
differential equations. Alternatively, this knowledge can be
achieved by collecting data from physical experiments. Such
experiments can be step-responses where the control signal makes
a jump, and the system output response is measured. A quick
response means a fast system dynamics, while a slow response
means that it takes longer time before the output signal is adapted
to the new control signal level. The response time is often mea-
sured by time constants, rise time, or settling time. An interesting
alternative is time series analysis, where the system is excited by
some type of random input signals, often in combination with
closed loop control. The dynamic system behavior is then esti-
mated by a parametric model that is determined by least squares
regression [1]. Based on this model, a controller is computed and
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adapted such that the behavior of the closed loop system is
improved, often based on an online optimization procedure.

Model-free RL: RL is a popular example of such an adaptive
control strategy. Either a system model is then estimated, and
based on this model a controller is designed. Alternatively, a con-
troller is directly determined such that an estimated criterion is
optimized. The first version is called model-based RL, while the
second one is called model-free RL [2,3]. In the model-free version,
a state feedback controller is determined, assuming that the states
of the system are measured. Typical examples of states in moving
devices are velocity and position, or angles and angular velocities
for rotating systems such as robots. Based on an estimated crite-
rion, the state feedback controller can be determined by experi-
mental data without knowing a dynamic model for the system to
be controlled. Assuming a linear quadratic criterion and a linear
dynamic behavior, this model-free linear quadratic RL (LQRL) strat-
egy is suggested among others in Ref. [4].

Robustness against neglected high frequency dynamics:
Unfortunately, this learning strategy has recently been shown to
be very sensitive to unmodeled dynamics. For instance, consider
a mechatronic system with state feedback from angular velocity
and rotating angle, but neglect an additional resonance due to a
weak driving axis or the inductive time constant in the direct cur-
rent (DC)-motor. The closed loop stability of the estimated LQRL
controller is then significantly deteriorated even for a very small
time constant or a high frequency resonance. The reason for this
is that the criterion estimation is much more sensitive to this
neglected dynamics than an ordinary feedback control design,
based on a given system model with the same neglected resonance
or time constant, see further details in Ref. [5]. Fortunately, low
pass filtering of the control and nominal state signals is able to sig-
nificantly reduce the sensitivity to the neglected dynamics.

Model-based RL: An interesting alternative is to evaluate the
robustness to the neglected dynamics in a corresponding model-
based RL strategy. An ordinary least squares estimation of a
state-space model is then performed based on the nominal states
and the control input signal [6]. This strategy also works well with-
out filtering when a system model is estimated and an additional
high frequency resonance or a short time constant is neglected in
the estimated model. The model-based LQRL version also has some
other benefits, since it is more open, flexible, and modular. First the
estimated model can be evaluated, to see if it is reasonable or not.
The evaluation can be performed by simple online experiments,
such as step responses, but also based on physical knowledge of
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expected dynamic behavior. Then, a controller is designed, includ-
ing evaluation of stability margins and performance in an offline
study, before the designed controller is evaluated on the real sys-
tem. The control structure and design are not limited to state feed-
back control. Even a simple but robust proportional-integral-
derivative (PID) controller can be chosen.

Data-efficient model-based RL: The most important difference
between the model-free and the model-based RL strategy is the
fact that the model-free version includes online iterative optimiza-
tion. Instead of estimating one accurate model, as in model-based
RL, the online optimization strategy in model-free RL requires a
new estimate of the criterion in every optimization iteration. This
means that the number of required data typically increases by a
factor 10-100, replacing the model estimation in model-based RL
with the criterion estimation in model-free RL. Based on these
remarks, our conclusion is that model-based RL has clear advan-
tages compared to model-free RL when data-efficiency and robust-
ness against neglected high-frequency dynamics are considered.

Modularized RL: A model-based RL strategy has recently been
proposed in Ref. [7], where the parameters in a nonlinear state-
space model are estimated. Nonlinearities are included in a
black-box style based on polynomials in state and input variables,
with the possibility to also include basic knowledge, such as relat-
ing force and acceleration by Newton’s law. Given this nonlinear
model, a combined feedforward and feedback controller is
designed, where the goal is to determine an optimal input refer-
ence signal. For a moving device with focus on energy minimiza-
tion, this reference signal is velocity or angular velocity. The
optimal reference signal is then determined to minimize energy
at the same time as constraints on velocity, acceleration and force
or torque are considered.

Temporal optimization: A specific optimization strategy is pro-
posed where discrete time sampling instances are adjusted for a
given path such that the energy consumption is minimized. This
sampling point adjustment, called temporal optimization, was pro-
posed and applied to energy minimization in Ref. [8], where
impressive energy and peak power reduction was obtained, still
keeping the original makespan. In Ref. [7], this optimization has
been combined with model estimation and feedback/forward
design, and it has been compared with well-known model-free
deep RL (DRL) strategies. The proposed model-based approach in
Ref. [7] is shown to save more energy, while the number of evalu-
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ated time steps is reduced by a factor of 100 or more, compared to
model-free DRL.

Summary: One main conclusion in this paper is that model-
based RL is much more data-efficient, but also more robust against
neglected high-frequency dynamics. A modularized model-based
RL strategy is therefore proposed where a nonlinear state-space
model is estimated. In this model some minor physical knowledge
can be easily introduced. Combining feedback and feedforward
control with temporal optimization based on the estimated model,
it is shown that energy and peak power for moving devices can be
significantly reduced, utilizing much less data compared to stan-
dard model-free RL.
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