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Abstract. Along with the development of systems and their applica-
tions, conventional control approaches are limited by system complex-
ity and functions. The development of reinforcement learning and opti-
mal control has become an impetus of engineering, which has show
large potentials on automation. Currently, the optimization applications
on robot are facing challenges caused by model bias, high dimensional
systems, and computational complexity. To solve these issues, several
researches proposed available data-driven optimization approaches. This
survey aims to review the achievements on optimal control and rein-
forcement learning approaches for robots. This is not a complete and
exhaustive survey, but provides some latest and remarkable achievements
for optimal control of robots. It introduces the background and facing
problem statement at the beginning. The developments of the solutions
to existed issues for robot control and some notable control methods in
these areas are reviewed briefly. In addition, the survey discusses the
future development prospects from four aspects as research directions to
achieve improving the efficiency of control, the artificial assistant learn-
ing, the applications in extreme environment and related subjects. The
interdisciplinary researches are essential for engineering fields based on
optimal control methods according to the perspective; which would not
only promote engineering equipment to be more intelligent, but extend
applications of optimal control approaches.

Keywords: Data-driven optimization · Optimal control ·
Reinforcement learning · Model bias

1 Introduction

Optimal control is to make the performance index achieve optimal state, which
can find an optimal channel to achieve predetermined destination [1]. The perfor-
mance indexes are various based on real systems and missions. Optimal control
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has two major principles on solving such issues which are the Pontryagin’s min-
imum principle (PMP) and the dynamic programming (DP) [2]. PMP provides
a requisite condition for optimality. Meanwhile, DP provides an ample condi-
tion for optimality via solving a differential equation, which is known as the
Hamilton-Jacobi-Bellman (HJB) equation. They are the basis of optimal con-
trol theory and most algorithms were derived and designed based on PMP and
DP approaches. In the following mentioned controllers, the ideas of PMP and
DP were involved and applied. As one of the key components in optimal con-
trol algorithms, the cost functions or performance index functions are essential
for optimization process. In the design of optimal controllers, some performance
indexes are described in quadratic problems with destination state, process state,
and action sections which are called linear quadratic regulator problems (LQR).
However, along with the development of industry and technology, preceding con-
ventional optimal control approaches are offline and they need complete model of
system dynamics [3], it is hard to employ these kinds of optimal control solutions
with dynamics uncertainties and changes as a result.

Currently, the widely utilized data-driven optimization algorithms of robot
control are developed according to reinforcement learning (RL) which is known as
a goal-oriented learning method. The agent with RL can learn an action control
strategy to modify a long-term reward via interacting with outside environment
[4]. At each iteration, an agent with RL evaluate feedback about the perfor-
mance used state and action, to improve the performance in next step action.
The purpose of strategies is to maximum the expected reward. Model-free rein-
forcement learning (MFRL) method has been employed to solve a wide list of
robot tasks, such as playing graphical games and learning locomotion works.
MFRL is generally applicable, require relatively fine tuning, and do not try
to construct environment model [5]. However, such real-time model-free learn-
ing algorithm requires higher complexity of sampling and millions of samples
are necessary if great performance must be achieved [6]. On the other hand,
model-based reinforcement learning (MBRL) has much more sample efficiency
and it uses a learned model via sample to assist learning [7]. To achieve great
efficiency, MBRL has often utilized either function approximators or Bayesian
models which can fit dynamics using few samples [8].

An advanced form of RL is called approximate DP which is also a solution
methodology of optimal control. The purpose of MBRL is to find maximum
reward or minimum cost in iterations as same as optimal control. MBRL con-
nects the disparity between classical optimal control theory and adaptive control
strategies. The objective is to learn the optimal strategy and cost function for an
unknown dynamics. Unlike classical optimal control, MBRL finds the solution to
the HJB equation online in real time. And MBRL algorithms are optimal, unlike
traditional adaptive controllers that are not usually designed to be optimal in
the sense of minimizing cost function. As a result, MBRL which can also be
called optimal control has become an efficient and available approach on robot
control [2].
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There are three issues on robot control. Firstly, the purpose of optimal con-
trol, which is to achieve the optimal performance, is the major limitation of it,
many researches focus on the precision and efficiency of control [6,8–11]. The
second is capacity of computation which limits the algorithm application. The
real time MFRL requires a large amount of computation and strong processor,
so that it is hard to be employed on real-time robots [12–14]. Finally, the preced-
ing model bias while model learning is also a problem, which is emphasized by
many researchers who attempt to reduce the model bias by policy optimization
[3,15–18].

The main objective of this paper is to investigate the advantages and disad-
vantages of optimal control and RL approaches for robots based on our under-
standing of present and recent advanced automatic techniques in the references.
This paper can be applied to guide the design of efficient controllers from data-
driven learning aspect for the automatic robots. The rest of this paper is orga-
nized as follows: Sect. 2 presents the general statement of optimal control prob-
lems’ formations. Section 3 reviews the previous published solutions facing for
robot optimal control design, regarding the improvement of precision and sys-
tem complexity, the reduction of model bias, and the decrease of computation.
Section 4 discusses the future researches directions to improve the performance
of the robot optimal control applications, and the interdisciplinary development
among optimal control and other engineering areas, different from the previous
published related reviews. In Sect. 5, the main conclusions and contributions are
described.

2 Optimal Control Problem Statement

The optimal control problem has fixed formation, this section will discuss cost
function defining certain optional control problems. The optimal algorithms aim
to solve such constrained optimization problem with cost function [1]

min
u(·)

I[u(·)] =
∫ T

0

L(x(t), u(t), t)dt (1)

Subject to : ẋ(t) = f(x(t), u(t), t) and x(0) = x0.

where t ∈ T = [0, T ] represents the time interval, T ∈ R+ denotes the
finally terminal time, x(t) = [x1(t), . . . , xn(t)]T ∈ Rn denotes the state and
u(t) = [u1(t), . . . , um(t)]T ∈ Rm denotes the control input at time t, u(·) denotes
the control function, I[u(·)] denotes the total cost, L(x(t), u(t), t) represents the
running cost, f(x(t), u(t), t) denotes the dynamics of the system while x0 denotes
the initial state.

From a predefined initial state x(·), optimal policy can search action u(·)
with bounded constrains to make cost index minimum. The Lagrange function
is often employed as quadratic form in LQR problem [9]

L(x(t), u(t), t) =
1
2

(
xTQx + uTRu

)
(2)
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where x ∈ Rn, u ∈ Rm, u ∈ Rm, Q ∈ Rn×n, R ∈ Rm×m.
If the terminal is predefined, the cost function often has a terminal cost

weight φ

min
u(·)

I[u(·)] = min
u(·)

φ(x(T ), T ) +
∫ T

0

L(x(t), u(t), t)dt (3)

φ is terminal cost weight. It would be predefined bigger than Q and R,
if the destination is expected to achieve rapidly. The aim of optimal control
algorithms is to minimum the cost using optimal control sequences, although
they pay attention to different positions.

3 Solutions of Optimal Control for Robot

Several successful stories presented available solutions for problems caused by
model bias, complex system, and large computation, which are developments of
optimal control.

3.1 Overview the Related Approaches

The efficiency is of core important in optimal problem and several success stories
are performed [19,20]. Supervised learning, the precise of which is better with
preset labels, sometimes is combined with MBRL to improve efficiency and eval-
uate outside environment for DP [6]. A crucial choice for any practical utilization
is advanced policy search algorithms which can be used to find optimal policy
for complex system. Along with the system efficiency, the complexity of dynamic
system is always a fundamental task in the field of robotics and engineering, and
a variety of methods to solve it have been presented [6,21]. For the simple linear
dynamic system, it is easier to find optimal solution, the dynamics formation
is ẋ (t) = Ax (t) + Bu (t) [22]. However, the nonlinear system is facing large
tough issues as the dynamics function is uncertain. [15] uses linear formation to
represent the unknown nonlinear dynamic system, but the formation of linear
function has bias when it is utilized to express nonlinear dynamics. For many
physical applications, the degree of difficulty is increasing along with the degree
of freedom in nonlinear system.

Aforementioned applications in nonlinear systems with unknown dynamics,
the first step of algorithms is often to learn unknown dynamics model called
model learning. There are a large number of stories involved model leaning for
optimal control and MBRL using multi-layer neural networks and Gauss mixed
model (GMM) [6,9,10,23], however precise model of nonlinear high-dimensional
dynamics cannot be learned directly. As learned model of dynamics leads to
harmful error which influences policy improvement largely [3], the method of
model learning can be optimized so that policy evaluation and policy update
can be hold based on precise dynamics model architecture. Another method is
to modify policy improvement process. Algorithms can interact with environ-
ment each iteration and continuously optimize policy with measured data to
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reduce model bias. In several success stories, a large amount of measured sam-
ples of real system are employed to learn precise model [5,24,25] which improves
computation of processor and adds burdens on operation. Improving sample
efficiency has become an essential task in practice.

Some algorithms needing large computation capacity are available in simu-
lation environment with high performance processors. However, they may meet
low efficiency and poor performance in practice on robot system. Conventional
model predictive control (MPC) [26] needs to predict predefined steps actions
at each iteration [16] and compared with MPC several algorithms reduce com-
putational complexity to reduce optimization time and improve the efficiency.
The core problems of optimal control and MBRL on robot has been reviewed
from three aspects, which hinder the developments and applications of robot in
practice. Some excellent algorithms will be discussed in the following sections
about the solutions of aforementioned optimal control issues.

3.2 Improve Precision and System Complexity

The degree of freedom (DoF) is often an essential factor which influences the
performance of robot. It is hard to model and control a high-dimensional robot
whose system is much more complex. [9] proposed an optimal control algorithm
with learned local model, which can be employed to complete dexterous manipu-
lation using a tendon-drive 24 DoF robot hand. The nonlinear system with high
DoF faces challenging issue with less sample data and its dexterous manipula-
tion needs higher dimension states and actions compared with single works. At
the beginning of algorithm, time-varying linear-Gaussian model is learned and
fitted from little size sample applying linear regression approach by a Gaussian
mixture model, as the control law is locally linear at each time step although the
controllers are time-varying. Time-varying linear-Gaussian dynamics are formed
as Eq. (4)

p (xt+1 | xt, ut) = N (fxtxt + futut + fct, Ft) (4)

KL-constrained optimization with LQR method and line search method are
used to update and optimize controller at each iteration. This solution can com-
plete complex work in high-dimension system and the precision of algorithm is
great as same as doing the dexterous manipulation by a human being.

[6] used model-based deep reinforcement learning method to represent MFRL
to reduce the value test sample. It utilizes a medium-sized deep neural network
which was trained by gradient decent, to learn the system model. Then MPC
method is employed to complete the task. To overcome the bias of model and
improve the efficiency of MFRL, it combines these two learning strategies. The
MBRL is used to initial the model free learner so that MFRL (policy gradient)
algorithm just need fewer trials to achieve the destination. The algorithm was
verified that it has larger rewards and higher precision than that using model-
based approach for four different agents.



Optimal Control and Reinforcement Learning for Robot: A Survey 59

Approach in [10] is quiet similar as [6] which used the same model learning
method (deep neural network). However, it merged computer vision into the
RL. At the begin of the algorithm, two channels are input, one is the state and
action channel to learn system model, another is the image which is input to
the convolutional neural network (CNN) so that the algorithm can judge various
surfaces outside. This approach can make the legged millirobots perform better
in different surfaces. The image-conditioned approach can achieve less cost and
high precision in different surfaces compared with other MBRL and optimal
control methods.

Based on the learning system model, a neural-optimal control structure was
proposed by [27] for the unknown discrete nonlinear system with discount factor
in the cost function. For nonlinear discrete systems with additive disturbances, a
robust model predictive control (MPC) method by self triggering was proposed
in [28]. The method has an adaptive predictive time-domain scheme and can sta-
bilize the system while ensuring suboptimal convergence. A novel error bound
was designed by work of [29] based on the work in [30], it showed that a model’s
ability to self-correct is more tightly related to MBRL performance. The model
of MBRL can guarantee the robust to model class limitations. A fault-tolerant
control method of actuator based on tube-based MPC and set-based fault detec-
tion was proposed in [31]. It implemented an active fault isolation method after
fault detection with the constraint-handling ability of MPC. The aforementioned
researches tried and proposed several available approaches to improve the accurate
of the state-of-the-art algorithms from various aspects and directions.

3.3 Overcome Model Bias

As solutions in which are used to improve precision of controllers, several algo-
rithms were proposed to overcome model bias of the nonlinear systems. There are
two directions on solving this problem. By using an advanced and efficient model
learning approach, more exact model can be trained and learned via deep neu-
ral network or linear-Gaussian approximation. Another approach is to employ
precision policy iteration algorithms which can optimize strategies according to
interaction with environment at each iteration.

In work of [32], a new internal model control (IMC) structure based on fuzzy
model was proposed to provide efficient and robust control achievement. A com-
mand filtered robust controller was proposed in [33]. In the presence of parameter
uncertainty and interference, the given reference signal is tracked by adjusting
the aircraft attitude angle. The method uses command filtering inversion to
compensate the dynamic error and filtering error of the actuator. The improved
stable linear filter is used to deal with the measurement error. [34] presented an
approach to find area control error signal based on the frequency biased estima-
tion, so that the performance of load-frequency control system can be improved.
Aiming at the speed control problem of constrained nonlinear electric vehicles, a
new nonlinear optimal model predictive controller design method was proposed
in [35]. In terms of system dynamics, the proposed method can be regarded as
a general case of the obtained results.
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In order to realize iterative control, an improved embedded reinforcement
learning algorithm was proposed by research [36]. The algorithm used off-policy
learning to make the dynamics completely unknown, so as to reduce the influ-
ence of unknown disturbances and add disturbance compensation controller. For
nonlinear continuous systems with state and input constraints, an event model-
based predictive control approach was proposed by [37] to solve the uncertain
problems such as random time delay caused by communication medium insta-
bility.

The effective learning of robot (humanoid) physical model was studied in
work [38]. Aiming at the learning problem of body model, an active learning
method was proposed. As the learning of serial robot kinematic model, the
recursive least square method (RLS) is used to complete the learning process
online, which is better than the commonly used gradient method.

Although the model learning methods have been developed by some success
stories, the models of complex and high-dimension nonlinear systems are still
hard to learn or need tremendous effort to complete. Several researches paid
attention on using optimal control approaches to achieve expected objective.
[3,16] were representatives of optimal feedback control algorithms. [16] presented
an iterative online optimal feedback approach to solve optimal control problem
for the continuous linear or nonlinear systems. A model can be employed to
compute the variables for cQP using offline calculation. And the measured data
are collected to compute optimal action set online. This method can overcome
model bias caused by inexact model and have high efficiency to find optimal
control policy. In addition, it can also be employed on discrete system after
improvement. If model should be learned from the system discretely using preci-
sion model learning method, it would reduce the model bias and be more rapidly
find the optimal control solution.

3.4 Reduce Computation

[16] tried to reduce computational complexity during iteration process, which
is lower than the nonlinear MPC controller. Computation is an essential factor
when implement algorithms in robot equipment caused by limitations of proces-
sor. MFRL approaches need much computation as high performance computer,
which face limitations on real-time robot.

[12] proposed an adaptive moment estimation (Adam) approach, which is
an effective random optimization method requires little memory and first-order
gradients. It is computationally efficient and has little memory requirements.
This algorithm combines two methods AdaGrad [39], which is very suitable for
sparse gradient and RMS Prop, and has good on-line and non-stationary effects.

Conventional MPC method can be optimized to improve efficiency and reduce
computational complexity. [13] showed an adaptive MPC algorithm for the lin-
ear systems with parameter uncertainty constraints. The proposed approach
uses RLS based estimator to learn the unknown systems. And it extended the
robust MPC controller in [40] to allow online model adaptation while ensur-
ing closed-loop stability and recursive feasibility. The computational complexity
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was concerned by research and an adaptive method is given with the reduced
computational complexity as well.

[41] presented an arbitrary time control algorithm with limited processor
resources, which calculates the components of the control input vector in order
to maximize the available processing resources at each time step. To reduce the
computational complexity, in the optimal feedback control system, two heuris-
tic algorithms based on greedy search and multiplier alternating direction were
proposed by work of [42]. [43] provided a problem solution from initial state to
final state for stochastic linear systems controlling linear noise, and minimized
the mean square deviation of the target state. The ability of offline computation
in this algorithm can reduce computation during process. The aforementioned
approaches are the solutions to reduce computational quantity and complexity.

4 Future Prospects and Discussion

Although the approaches in optimal control and MBRL are facing the aforemen-
tioned issues, the development is still prosperous as the prospect is bright, and
their applications are very essential and wide. Various methods are proposed to
overcome these numerous problems and adapt to different application scenar-
ios. Some surveys about reinforcement learning based robotics were reviewed by
works of [44–49]. According to these surveys, this paper discusses four directions
which can be foreseen in the development of optimal control at present.

To overcome the bias caused by inexact model, aforementioned algorithms
were presented in Sect. 3. However, more efficient and optimal policies are looked
forward to explore by researches. This is the trend on the development of optimal
control and MBRL algorithms. Meanwhile, less sample size and high sample
efficiency are pursued as it can reduce the computational complexity and improve
the efficiency of controller. If less sample are necessary during model learning,
the controller would be easier to be employed in different environments widely.
Therefore, more frequent interaction between the agent and environment will be
necessary during optimization process to learn and know the parameters better.
Optimal control policy can be learned via small sample size by robot as same as
that via large sample size. On the other hand, model bias can be reduced using
efficient model learning methods and policy update algorithms.

Let robot learn to complete works is hard to apply in real-time practice
as numerous limitations in technique. However, if the state-of-the-art algorithms
would be used in industrial practice, the efficiency of production would be highly
improved and cost would be reduced a lot. Thus, combining actuality with the
state-of-the-art control methods has demand prompt solution. It is unneces-
sary to make intelligent robot complete the whole complex missions in recent
years. The help from human being is available when optimal control algorithms
are employed in complex nonlinear industrial systems and artificial assistant
learning method can be developed in several applications. Just like teachers at
school when humans are young, humans act as teachers of robot at the begin-
ning of learning certain works. Apprenticeship learning [50] is one of the example.
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Humans can also do partial works and make robot learn another easy and tedious
part of works. By this way, human and robot would complete works together
and the efficiency of production would be improved.

Although the researches on optimal control theory applied in common envi-
ronment have been held frequently, the applications of optimal control algorithms
in complex, extreme, and special environment are also needed to be explored
such as applications in marine technology, deep-sea equipment, and astronau-
tics fields. The environments are more nonlinear complex and special compared
with that in the ground. More parameters and factors are necessary to con-
sider when algorithms of controllers are designed. Meanwhile, robot arm and
other automatic devices are urgent needs during the scientific investigation in
deep-sea and space. For example, Remotely Operated Vehicle (ROV), which is
widely used in deep-sea investigation, needs cable to connect through water that
constrains the range of ROV activity and increases cost of the equipment. Intel-
ligent Autonomous Underwater Vehicle (AUV) can represent ROV in several
suitable works, with high efficient MBRL algorithms it can learn complicated
environment in deep-sea [51,52]. However, novel approaches of optimal control
are necessary to develop so that extreme external environment can be consid-
ered. With optimal control optimization on robot, these types robots would work
more efficient, which is helpful for conduct of research in extreme environment.

Optimal control algorithm is not an independent application, whose develop-
ment has been influenced by computer science. Although novel optimal control
methods are often used on robot system to show their availability, they can be
utilized by other fields with data-driven optimization as well, like similar con-
trol methods. These applications involve smart grid [15], sustainable architecture
[53], energy generation [54], and multidisciplinary optimization [55]. Meanwhile,
optimal control is widely used in fault prediction and diagnosis [31,56–58] for
industrial process control. Researches in interdisciplinary subjects can prompt
the development in engineering and extend applications of optimal control algo-
rithms. For instance, optimal control approaches can help power system keep
stable voltage and frequency states when faults happening on any nodes via state
evaluation and decision. Applications in related fields are one of the directions
of optimal control development for existing algorithms and novel algorithms.

The aforementioned four research directions are about bias reduction, app-
roach for applications on industrial robots, applications on complex environmen-
tal robots, and applications on other related fields, which are based on different
aspects. The direction for bias reduction is a mission on general algorithms them-
selves, which can promote the generation and improvement of advanced optimal
control algorithms. The second direction is an approach to apply the state-of-
the-art algorithms on industrial practice by the way of cooperation. The third
and forth directions are the applications in different environment and subjects.
Although they seem to have little to do with the optimal control algorithm,
the application is also an essential part of the development of optimal control.
The applications in aforementioned fields are not sample transplant, they need
to be tuned according to control objectives and different cases. Trying different
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applications can also help adjust the performance of optimal controllers, which
has a positive impact for the development of optimal control. Thus, this survey
regards them as the future prospective directions.

5 Summary and Conclusions

This survey describes the development and applications of the previous optimal
control algorithms on robot technology, and the comparison and analysis of dif-
ferent kinds of control approaches using for the automatic robots. In addition,
three main problems of today’s algorithms are discussed and several successful
stories are reviewed to solve these kinds of problems. The survey discusses the
future prospective directions of optimal control and MBRL which include over-
coming limitations, artificial assistant learning, applications in complex envi-
ronment, and interdisciplinary development in other data-driven optimization
fields. With the development of advance optimization approaches, more prob-
lems on optimal control and RL will be addressed, which will be applied more
widely in real-time industrial practice as well. Through this survey, the following
conclusions can be drawn.

1. Researches will pay attention on the reduction of model bias and the improve-
ment of the optimization efficiency. More precise modeling methods and more
efficient control algorithms with little computational complexity will be devel-
oped for high-dimensional robot systems.

2. The optimal control approaches will be used in the other areas’ control widely,
and their applications will make the systems achieve the optimal solution and
have better performance.

3. The applications on complex and extreme environmental robots will help to
carry out researches in extreme environment regarding the deep-ocean and
space for natural science exploration.

4. Artificial assisted learning applications for the industrial robots are available
ways to apply the advanced optimal control algorithms in practice.
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