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Model-Free Optimal Tracking Control
via Critic-Only Q-Learning

Biao Luo, Member, IEEE, Derong Liu, Fellow, IEEE, Tingwen Huang, and Ding Wang, Member, IEEE

Abstract— Model-free control is an important and promising
topic in control fields, which has attracted extensive attention
in the past few years. In this paper, we aim to solve the
model-free optimal tracking control problem of nonaffine non-
linear discrete-time systems. A critic-only Q-learning (CoQL)
method is developed, which learns the optimal tracking control
from real system data, and thus avoids solving the tracking
Hamilton–Jacobi–Bellman equation. First, the Q-learning algo-
rithm is proposed based on the augmented system, and its
convergence is established. Using only one neural network for
approximating the Q-function, the CoQL method is developed
to implement the Q-learning algorithm. Furthermore, the con-
vergence of the CoQL method is proved with the consideration
of neural network approximation error. With the convergent
Q-function obtained from the CoQL method, the adaptive opti-
mal tracking control is designed based on the gradient descent
scheme. Finally, the effectiveness of the developed CoQL method
is demonstrated through simulation studies. The developed CoQL
method learns with off-policy data and implements with a critic-
only structure, thus it is easy to realize and overcome the
inadequate exploration problem.

Index Terms— Critic-only Q-learning (CoQL), model-free,
nonaffine nonlinear systems, optimal tracking control.

I. INTRODUCTION

REINFORCEMENT learning (RL) is an important topic
in the machine learning community, which mainly aims

at solving the optimal control problem of Markov decision
process (MDP) [1]–[6]. RL technique refers to an actor
or agent that interacts with its environment and aims to
learn the optimal control policy, by observing their responses
from the environment. Over the past years, RL has appeared
as a powerful tool for solving control problems [7]–[10],
[12]–[15], [17]–[33]. However, it is noted that most of the
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RL-based control approaches focused on the regulation
control problem, a few of which are [7]–[9], [11], [12], [15],
[18], [19], and [22]. For many practical systems, such as
hypersonic aircraft [35]–[37], spacecraft [38], [39], motion
tracking [40], etc., it is required to design a controller such
that the desired reference trajectories can be tracked and the
optimal performance can be achieved. By considering these
two goals, the optimal tracking control problem [14], [41]–[54]
has received increasing attention in recent years.

Some works have been reported for solving the optimal
tracking problem based on the expected control. The expected
control is first derived with the desired reference trajectories
and the system model. Then, the expected control and state
errors are employed to define the performance index. Hence,
the optimal tracking control problem is then reformulated as
the optimal regulation problem of the error system with respect
to the performance index, and then some RL approaches
were proposed, such as, heuristic dynamic programming
algorithm for nonlinear discrete-time systems [53] and with
time delays [50]. By considering approximation errors, value
iteration algorithms were presented to obtain the optimal
tracking control [54]. An approximate dynamic programming
method [44] was proposed for nonlinear continuous-time
systems, and its stability was proved. In [49], a prior
model identification procedure was conducted for nonlin-
ear continuous-time systems, and then model-based adaptive
methods were used for optimal tracking control design. Note
that the analytical expression of the expected control is
required, which depends on the system model, and thus all
these methods are model based.

To avoid using the expected control explicitly, an augmented
system can be obtained with the error system and the command
system of the desired reference trajectories. By introduc-
ing a discounted performance index, the optimal regulation
problem of the augmented system is reformulated and then
be solved with RL-based approaches. Without requiring the
internal system dynamics, online policy iteration methods were
employed for the optimal tracking control design of linear
continuous-time systems [45] and nonlinear continuous-time
systems with control constraints [43], nonlinear discrete-time
systems with control constraints [51], and nonlinear time-
varying discrete-time systems [55]. Without a complete system
model, the optimal tracking control problem of linear discrete-
time systems was solved with input–output data [48]. For the
linear continuous-time systems [56], the original performance
index was employed, which requires a stable command system.

As one of the powerful RL methods, Q-learning has been
studied for a long time in the machine learning community for
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the problem of MDP [57]–[63]. However, till most recently,
only a few Q-learning techniques have been introduced for
solving control problems [22], [42], [64]–[68]. For linear
discrete-time systems, Q-learning methods were proposed to
solve the H∞ control problem [64], [65] and the optimal
tracking control problem [42]. For linear continuous-time
systems, online Q-learning algorithms [66], [68] were investi-
gated to solve the linear quadratic regulation problem. It is
noted that most of these works are just for simple linear
systems [42], [64]–[66], [68]. However, the model-free optimal
tracking control of general nonlinear systems has rarely been
studied with the Q-learning method.

The motivation of this paper aims to achieve the following
three important goals simultaneously for control design.

1) Solve the model-free optimal tracking control problem
of general nonaffine nonlinear systems. This problem
still remains an open issue, which has rarely been
studied.

2) Controller design with off-policy data. For model-free
control design problems, how to collect system data and
make efficient use of them for learning are important
tasks. On-policy and off-policy learning schemes are two
main RL frameworks for control design. Compared with
the on-policy scheme, the off-policy learning [69]–[75]
has several merits, which is regarded as more practical
and efficient. Off-policy schemes permit the use of any
control policy to generate data, while the exact target
policy must be employed for on-policy schemes that is
usually difficult to operate. This means that collecting
off-policy data is easier than the on-policy data. Thus,
the use of off-policy data for model-free tracking control
design is the important goal we aim to achieve.

3) Use critic-only implementation structure. For the model-
free control problem of general nonaffine nonlinear
systems, it is still difficult to use the critic-only imple-
mentation structure where only one NN is required.

To the best of our knowledge, the model-free optimal
tracking control problem involving the above three goals has
not been studied yet. The main contribution of this paper is
the development of the critic-only Q-learning (CoQL) method,
which achieves the above three goals simultaneously for the
optimal tracking control design. The detailed contributions
compared with the existing related works will be analyzed
in Section IV.

The rest of this paper is organized as follows. Section II
presents the optimal tracking control problem and the track-
ing Hamilton–Jacobi–Bellman equation (HJBE). Q-learning
algorithm is proposed in Section III and the CoQL method
is developed for model-free optimal tracking control design
in Section IV. Simulation results are demonstrated in
Section V and brief conclusions and future works are presented
in Section VI.

II. OPTIMAL TRACKING CONTROL PROBLEM

In this section, the optimal tracking control problem for
general nonaffine nonlinear discrete-time systems is presented.
Theoretically, the problem is converted to solve a tracking
HJBE.

A. Problem Description

Let us consider the following nonaffine nonlinear discrete-
time systems:

x(k + 1) = f (x(k), u(k)) (1)

where x(k) ∈ R
n is the state and u(k) ∈ R

m is the control
input. It is assumed that the system (1) is stabilizable on the
set X and f (0, 0) = 0.

Let r(k) ∈ R
n be the desired reference trajectory. For the

optimal tracking control problem, the objective is to design the
control input u(k) for the system (1), such that the state x(k)
tracks r(k) and minimizes the performance index. Assume that
r(k) is bounded and generated by the command system

r(k + 1) = h(r(k)) (2)

where h(r) is a Lipschitz continuous vector function with
h(0) = 0. Denoting the tracking error as e(k) � x(k)− r(k),
it follows from (1) and (2) that:

e(k + 1) = f (e(k)+ r(k), u(k))− h(r(k)). (3)

Define the state of the augmented system as y(k) �
[eT(k) rT(k)]T. Then, combining (2) and (3) yields the fol-
lowing augmented system:

y(k + 1) = F(y(k), u(k)) (4)

where y(0) = [eT(0) rT(0)]T and

F(y(k), u(k)) �
[

f (e(k)+ r(k), u(k))− h(r(k))
h(r(k))

]
. (5)

In this paper, we consider the model-free optimal tracking
control problem of the system (1) with the following dis-
counted performance index:

J (y(0), u) �
∞∑

l=0

γ lR(y(l), u(l)) (6)

where 0 < γ � 1 is the discount factor and R(y, u) �
W (e)+ R(u) with W (e) and R(u) positive definite functions,
i.e., W (e) > 0, R(u) > 0 for ∀e �= 0, u �= 0, and W (e) = 0,
R(u) = 0 only when e = 0, u = 0. Then, the optimal tracking
control problem of the system (1) is converted into an optimal
regulation control problem, i.e., finding the following optimal
control:

u∗(y) � arg min
u

J (y(0), u) (7)

with respect to the augmented system (4) and the performance
index (6).

Remark 1: For the considered model-free optimal tracking
control problem, the meaning of the term model-free involves
two aspects.

1) The mathematical models of the system (1) and the
command system (2) are unknown, i.e., f (x, u) and
h(r) are unknown. Thus, it follows from (5) that the
mathematical model of F(y, u) is unknown.

2) The explicit expression of R(y, u) in the performance
index (6) is unknown.
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Remark 2: In [42], [43], [45], [48], [51], and [55], the
discounted performance index has also been used to study
the optimal tracking problem. For the discount factor γ in
the performance index (6), it can be discussed from two
aspects. On the one hand, γ = 1 can be only employed if
one knows a priori that the reference trajectory is generated
by an asymptotically stable command system (6). On the other
hand, if the desired reference trajectory r is a general bounded
signal, it is required to choose a γ such that 0 < γ < 1,
which will result in a bounded performance index (6). Thus,
the optimization of the performance index (6) does not require
r → 0 and y → 0 as time increases.

B. Tracking HJBE

Let y ∈ Y , u ∈ U , where Y and U are two compact sets,
and denote D � {(y, u)|y ∈ Y, u ∈ U}. For an admissible
control policy u(y), define its value function as

Vu(y(k)) �
∞∑

l=k

γ l−kR(y(l), u(l)) (8)

which can be rewritten as the following Bellman equation:

Vu(y(k)) = R(y(k), u(k))+
∞∑

l=k+1

γ l−kR(y(l), u(l))

= R(y(k), u(k))+ γ

∞∑
l=k+1

γ l−(k+1)R(y(l), u(l))

= R(y(k), u(k))+ γ Vu(y(k + 1)). (9)

The optimal control law (7) can be rewritten as

u∗(y(k)) � arg min
u

Vu(y(k)). (10)

Denoting the optimal value function as V ∗(y) � Vu∗(y), the
tracking HJBE is given as follows:

V ∗(y(k)) = min
u

{R(y(k), u(k))+ γ V ∗(y(k + 1))}
= R(y(k), u∗(k))+ γ V ∗(y(k + 1)) (11)

which is a nonlinear difference equation. Note that the optimal
control policy u∗(y) depends on the solution of the tracking
HJBE (11), which is difficult to solve for nonlinear systems.
Even worse, the unavailability of F(y, u) and R(y, u) prevents
using model-based methods to solve the tracking HJBE for the
optimal value function V ∗. To overcome these difficulties, we
developed a model-free CoQL method for the direct optimal
tracking control design with real system data.

III. Q-LEARNING FOR TRACKING CONTROL

In this section, a Q-learning algorithm is proposed and its
convergence theory is established.

A. Q-Learning Algorithm

For an admissible control policy u(y), define its
Q-function as

Qu(y(k), a) � R(y(k), a)+
∞∑

l=k+1

γ l−kR(y(l), u(y(k)))

(12)

where Qu(0, 0) = 0. From (9) and (12)

Qu(y(k), a) = R(y(k), a)+ γ

∞∑
l=k+1

γ l−(k+1)R(y(l), u(l))

= R(y(k), a)+ γ Vu(y(k + 1)). (13)

The Q-function Qu(y, a) is an action-state value function,
which represents the value of the performance metric obtained
when control action a is used at state y and the control policy
u is pursued thereafter. For the optimal control policy u∗(y),
it follows from (13) that the associated optimal Q-function
Q∗(y, a) � Qu∗(y, a) is given by

Q∗(y(k), a) = R(y(k), a)+ γ V ∗(y(k + 1)). (14)

According to (10) and (14), the optimal control policy u∗(y)
can also be represented as

u∗(y) = arg min
u

Vu(y) = arg min
a

Q∗(y, a). (15)

To avoid solving the tracking HJBE (11) and using system
model, the following Q-learning algorithm is proposed to learn
the optimal Q-function Q∗(y, a) and optimal tracking control
u∗(y) from real system data.

Algorithm 1 Q-Learning

� Step 1: Let u(0)(y) be an initial admissible control policy,
and i = 0;

� Step 2: (Policy evaluation) Solve the equation

Q(i)(y(k), a) = R(y(k), a)+ γ Q(i)(y(k + 1), u(i))

(16)

for the unknown Q-function Q(i) � Qu(i) ;
� Step 3: (Policy improvement) Update control policy with

u(i+1)(y) = arg min
a

Q(i)(y, a); (17)

� Step 4: Let i = i + 1, go back to Step 2 and continue.

B. Convergence Analysis of Q-Learning

From (8), denote

V (i)(y(k)) � Vu(i) (y(k))

=
∞∑

l=k

γ l−kR(y(l), u(i)(l)). (18)

According to (13) and (18), we have

Q(i)(y(k), u(i)) = R(y(k), u(i))+ γ V (i)(y(k + 1))

= V (i)(y(k)). (19)

Note that the Q-learning Algorithm 1 generates the sequences
{Q(i)(y, a)} and {u(i)(y)}, which are proved to converge to
Q∗(y, a) and u∗(y), respectively, in the following Theorem 1.

Theorem 1: For ∀(y, a) ∈ Y × U , the sequences
{Q(i)(y, a)} and {u(i)(y)} are generated by Algorithm 1. Then

1) Q(i)(y, a) � Q(i+1)(y, a) � Q∗(y, a);
2) limi→∞ Q(i)(y, a) = Q∗(y, a) and limi→∞ u(i)(y) =

u∗(y).
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Proof:
1) For ∀(y(k), a) ∈ Y × U , based on (13) and (16), we

obtain

Q(i+1)(y(k), a)

= R(y(k), a)+ γ Q(i+1)(y(k + 1), u(i+1))

= R(y(k), a)+ γ V (i+1)(y(k + 1))

= R(y(k), a)+ γ [R(y(k + 1), u(i+1))

+ γ V (i+1)(y(k + 2))]
= R(y(k), a)+ γ [R(y(k + 1), u(i+1))+ γ V (i)(y(k + 2))]

− γ 2V (i)(y(k + 2))+ γ 2V (i+1)(y(k + 2))

= R(y(k), a)+ γ Q(i)(y(k + 1), u(i+1))

− γ 2V (i)(y(k + 2))+ γ 2V (i+1)(y(k + 2)). (20)

Based on (17)

Q(i)(y(k + 1), u(i+1)) = min
a

Q(i)(y(k + 1), a)

� Q(i)(y(k + 1), u(i))

= V (i)(y(k + 1)). (21)

Combining (20) and (21) yields

Q(i+1)(y(k), a)

� R(y(k), a)+ γ V (i)(y(k + 1))

− γ 2V (i)(y(k + 2))+ γ 2V (i+1)(y(k + 2))

= R(y(k), a)+ γR(y(k + 1), u(i))

+ γ 2V (i+1)(y(k + 2))

� R(y(k), a)+ γR(y(k + 1), u(i))

+ γ 2R(y(k + 2), u(i))+ γ 3V (i+1)(y(k + 3))

� R(y(k), a)+ γR(y(k + 1), u(i))

+ γ 2R(y(k + 2), u(i))+ γ 3R(y(k + 3), u(i))+ · · ·
= R(y(k), a)+ γ

∞∑
l=k+1

γ l−(k+1)R(y(l), u(i))

= R(y(k), a)+ γ V (i)(y(k + 1))

= Q(i)(y(k), a) (22)

that is, Q(i+1)(y, a) � Q(i)(y, a) for ∀(y, a) ∈ Y × U .
Note that Q∗(y, a) � Q(i)(y, a) for ∀i . Thus, Q(i)(y, a) �
Q(i+1)(y, a) � Q∗(y, a).

2) Part 1) of Theorem 1 shows that {Q(i)(y, a)} is a
nonincreasing sequence, which is bounded below by Q∗(y, a).
Since a bounded monotone sequence always has a limit,
denote Q(∞)(y, a) � limi→∞ Q(i)(y, a) and u(∞)(y) �
limi→∞ u(i)(y). Taking limits on (16) and (17) yields

Q(∞)(y(k), a) = R(y(k), a)+ γ Q(∞)(y(k + 1), u(∞))

= R(y(k), a)+ γ V (∞)(y(k + 1)) (23)

u(∞)(y) = arg min
a

Q(∞)(y, a). (24)

Letting V (∞)(y) be the cost function of the control policy
u(∞)(y), from (23) and (24), we get

V (∞)(y(k)) = Q(∞)(y(k), u(∞))

= min
a

{R(y(k), a)+ γ Q(∞)(y(k + 1), u(∞))}
= min

a
{R(y(k), a)+ γ V (∞)(y(k + 1))}. (25)

It is observed that (25) is the tracking HJBE, i.e., V (∞)(y) =
V ∗(y). Thus, it follows from (23) that:

Q(∞)(y(k), a) = R(y(k), a)+ γ V ∗(xk+1)

= Q∗(y(k), a).

Then, u(∞)(y) = u∗(y) based on (24). The proof is
complete. �

IV. ADAPTIVE TRACKING CONTROL WITH

CRITIC-ONLY Q-LEARNING

In this section, a CoQL method is developed for adaptive
tracking control design based on Algorithm 1. Critic-actor and
critic-only are two important structures of RL. In the critic-
only structure, only critic NN is required to approximate the
value function. In the critic-actor structure, both critic NN and
action NN are required to approximate the value function and
control policy, respectively.

A. Critic-Only Q-Learning

It is known that NNs are universal approxi-
mators [76], [77] for approximating continuous function.
To solve (16), a critic NN is employed for estimating the
unknown Q-function Q(i)(y, a) on D. Then, the Q-function
Q(i)(y, a) can be given by

Q(i)(y, a) =
L∑

j=1

θ
(i)
j ψ j (y, a)+ e(i)(y, a) (26)

where θ(i) � [θ(i)1 , . . . , θ
(i)
L ]T is the ideal constant NN weight

vector, �L(x, a) � [ψ1(y, a), . . . , ψL(y, a)]T is the critic NN
activation function vector, and e(i)(y, a) is the NN estimation
error that satisfies limL→∞ e(i)(y, a) = 0. Although θ(i) pro-
vides the best approximation for the Q-function Q(i)(y, a), it is
usually unknown and difficult to obtain. For real applications,
the output of the critic NN is

Q̂(i)(y, a) =
L∑

j=1

θ̂
(i)
j ψ j (y, a) = �T

L (y, a)θ̂ (i) (27)

where θ̂ (i) � [θ̂ (i)1 , . . . , θ̂
(i)
L ]T is the estimation of the

ideal constant weight vector θ(i). With Q̂(i)(y, a), it follows
from (17):

û(i+1)(y) = arg min
a

Q̂(i)(y, a). (28)

For ∀y ∈ Y , based on the gradient descent method, we have

û(i+1)(y) = û(i)(y)− α
∂ Q̂(i)(y, a)

∂a

∣∣∣∣
a=û(i)(y)

= û(i)(y)− α
∂�T

L (y, a)

∂a

∣∣∣∣
a=û(i)(y)

θ̂ (i) (29)

where α > 0.
Remark 3: The selection of NN activation function

�L(x, a) is important to achieve a good approximation perfor-
mance for the Q-function. However, it still remains a difficult
issue in the NN function approximation and few efficient
methods have been reported. For different systems, the choices
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of �L(x, a) are often different, and thus it is difficult to
develop a general method for all systems. In a word, for a
specific system, the engineers’ prior experiences would be
helpful for the choice of �L(x, a). �

To compute θ̂ (i) for Q̂(i)(y, a), a least-square scheme is
developed using real system data. For notation simplicity,
denote (y, a, y ′,R(y, a)) as a data measured from the real
system (4), where y ′ represents the next state under the control
action a at state y, i.e., y ′ = F(y, a). For real implementation
of the CoQL algorithm, y ′ is measured from the real system
without requiring the mathematical system model F . With (27)
and (28), it follows from (16) that:
ε(i)(y, a) = Q̂(i)(y, a)− γ Q̂(i)(y ′, û(i))− R(y, a)

= [�L(y, a)− γ�L(y
′, û(i))]Tθ̂ (i)−R(y, a) (30)

where ε(i)(y, a) is the residual error due to the critic NN
approximation error e(i). Based on (30), real system data
is employed to compute the unknown critic NN weight
vector θ̂ (i). The system data set is denoted as SM �
{(y[l], a[l], y ′[l],R[l])|(y[l], a[l]) ∈ D, l = 1, 2, . . . ,M} with

its size M . Before starting the CoQL algorithm, the data set
SM should be collected from the measurements of sensors
during the operations of the real system. For each data
(y[l], a[l], y ′[l],R[l]) in SM , the residual error (30) is given by

ε
(i)
[l] = [�L(y[l], a[l])− γ�L(y

′[l], û(i)(y ′[l]))]Tθ̂ (i) − R[l]
(31)

where ε(i)[l] � ε(i)(y[l], a[l]) and R[l] � R(y[l], a[l]). The critic

NN weight vector θ̂ (i) can be computed with a least-square
scheme by minimizing the sum of residual errors, that is

min
M∑

l=1

(ε
(i)
[l] )

2. (32)

Then, the least-square scheme is given by

θ̂ (i) = [(Z (i))T Z (i)]−1[Z (i)]Tη (33)

where η � [R[1] · · ·R[M]]T and Z (i) � [z(i)[1] · · · z(i)[M]]T,

with z(i)[l] � �L(y[l], a[l]) − γ�L(y ′[l], û(i)(y ′[l])). The least-

square scheme is a general method [78] that was widely used
to update NN weights by minimizing the sum of squared
residuals.

By using the least-square scheme (33), the following CoQL
algorithm is developed to learn the optimal Q-function.

Remark 4: By giving an initial admissible control pol-
icy u(0)(y), the CoQL algorithm uses the least-squares
scheme (33) for updating the critic NN weight vector θ̂ (i)

iteratively until the termination condition is satisfied. Then, the
convergent Q-function will be employed for further adaptive
control design. Note that the implementation procedure of the
CoQL algorithm is extremely simple, where only the critic NN
is required.

B. Theoretical Analysis for CoQL Algorithm

In this section, with the consideration of approximation error
in the critic NN, the convergence of CoQL Algorithm 2 will
be analyzed in the following theorem.

Algorithm 2 Critic-Only Q-Learning

� Step 1: Let û(0) = u(0)(y) be an initial admissible control
policy, and i = 0;

� Step 2: Compute critic NN weight vector θ̂ (i) with (33).
� Step 3: If i � 1 and ‖θ̂ (i) − θ̂ (i−1)‖ � ε (ε > 0 is a

small parameter), stop iteration; else, i = i + 1, go back
to Step 2 and continue.

Theorem 2: For ∀(y, a) ∈ Y × U , let {Q̂(i)(y, a)} be the
sequence generated by the CoQL Algorithm 2. Assume that
there exist constants M̄ > 0 and δ > 0, such that for ∀M � M̄

1

M

M∑
l=1

z(i)[l]
[
z(i)[l]

]T � δ IM . (34)

Then, limi,L→∞ Q̂(i)(y, a) = Q∗(y, a).
Proof: Denote Q̄(i)(y, a) as the Q-function of control û(i),

that is

Q̄(i)(y, a) � R(y, a)+ γ Q̄(i)(y ′, û(i)). (35)

Similar to (26), Q̄(i)(y, a) can be expressed by

Q̄(i)(y, a) =
L∑

j=1

θ̄
(i)
j ψ j (y, a)+ ē(i)(y, a) (36)

where ē(i)(y, a) is the NN estimation error. From (35) and (36)

L∑
j=1

θ̄
(i)
j [γψ j (y

′, û(i))− ψ j (y, a)]+R(y, a)+ε̄(i)(y, a)=0.

(37)

where ε̄(i)(y, a) � γ ē(i)(y ′, û(i))− ē(i)(y, a).
Define

θ̃
(i)
j � θ̂

(i)
j − θ̄

(i)
j (38)

which can be written as a vector θ̃ (i) � [θ̃ (i)1 · · · θ̃ (i)L ]T. Based
on (30), (37), and (38)

ε̄(i)(y, a) =
L∑

j=1

(
θ̂
(i)
j − θ̃

(i)
j

)[ψ j (y, a)− γψ j (y
′, û(i))]

−R(y, a)

= [�L(y, a)− γ�L(y
′, û(i))]Tθ̂ (i) − R(y, a)

+ [�L(y, a)− γ�L(y
′, û(i))]Tθ̃ (i)

= ε(i)(y, a)+ [�L(y, a)− γ�L(y
′, û(i))]Tθ̃ (i).

(39)

For each data (y[l], a[l], y ′[l],R[l]) in SM , it follows
from (39) that:

ε̄
(i)
[l] = ε

(i)
[l] + [

z(i)[l]
]T
θ̃ (i) (40)

where ε̄(i)[l] � ε̄(i)(y[l], a[l]). Then

[θ̃ (i)]Tz(i)[l]
[
z(i)[l]

]T
θ̃ (i) = (

ε̄
(i)
[l] − ε

(i)
[l]

)2
. (41)
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Using (34)

M∑
l=1

[θ̃ (i)]Tz(i)[l]
[
z(i)[l]

]T
θ̃ (i) � δM‖θ̃ (i)‖2. (42)

Based on (41) and (42)

‖θ̃ (i)‖2 � 1

δM

M∑
l=1

(
ε̄
(i)
[l] − ε

(i)
[l]

)2
. (43)

Note that the critic NN weight vector θ̂ (i) is computed with
least-square scheme (33) by minimizing (32). Then

M∑
l=1

(
ε
(i)
[l]

)2 �
M∑

l=1

(
ε̄
(i)
[l]

)2
. (44)

It follows from (43) and (44) that:

‖θ̃ (i)‖2 � 1

δM

M∑
l=1

(
ε̄
(i)
[l] − ε

(i)
[l]

)2

� 1

δM

M∑
l=1

4
(
ε(i)max

)2

= 4

δ

(
ε(i)max

)2 (45)

where ε(i)max � maxl |ε̄(i)[l] |. From the definition of ε̄(i), we have

limL→∞ ε
(i)
max = 0. According to (45)

lim
L→∞ ‖θ̃ (i)‖ = 0. (46)

Thus, it follows from (27), (36), and (46):
Q̂(i)(y, a)− Q̄(i)(y, a)

=
L∑

j=1

(
θ̂
(i)
j − θ̄

(i)
j

)
ψ j (y, a)−

∞∑
j=L+1

θ̄
(i)
j ψ j (y, a)

= �T
L (y, a)θ̃ (i) −

∞∑
j=L+1

θ̄
(i)
j ψ j (y, a). (47)

From (46) and (47)

lim
L→∞ Q̂(i)(y, a)− Q̄(i)(y, a) = 0

that is

lim
L→∞ Q̂(i)(y, a) = Q̄(i)(y, a). (48)

Next, we will use the method of mathematical induction to
prove that limL→∞ Q̄(i)(y, a) = Q(i)(y, a) for ∀i .

1) From Algorithm 2, û(0) = u(0). Thus, it follows from
(16) and (35) that Q̄(0)(y, a) = Q(0)(y, a).

2) Assume that limL→∞ Q̄(i−1)(y, a) = Q(i−1)(y, a) for
∀i > 0. Then, it follows from (48) that limL→∞ û(i) =
u(i). According to (35)

lim
L→∞ Q̄(i)(y, a) = R(y(k), a)+ γ lim

L→∞ Q̄(i)(y ′, û(i))

= R(y, a)+ γ lim
L→∞ Vû(i) (y

′)

= R(y, a)+ γ Vu(i) (y
′)

= Q(i)(y, a). (49)

Based on the above two steps

lim
L→∞ Q̄(i)(y, a) = Q(i)(y, a) (50)

for ∀i . From (48) and (50)

lim
L→∞ Q̂(i)(y, a) = Q(i)(y, a). (51)

Then, according to part 2) of Theorem 1,
limi,L→∞ Q̂(i)(y, a) = Q∗(y, a). �

Remark 5: In Theorem 2, the condition (34) is related to the
issue of exploration. To realize the condition (34), it requires
to increase the richness of the system data set SM . During
practical applications, there are some potential methods to
increase the richness of SM , such as collecting system data
with different initial states, using arbitrary or even randomized
exploratory behavior control action a. �

C. Adaptive Tracking Control

After the CoQL Algorithm 2 is terminated, the convergent
Q-function is used for adaptive tracking control design. Denote
the convergent critic NN weight vector as θc and the conver-
gent Q-function as Qc(y, a) = �T

L (y, a)θc. Then, according
to (15), the tracking control law is given by

u(k) = arg min
a

Qc(y(k), a). (52)

To solve the optimization problem (52) at each time instant k,
the one-step gradient descent method can be employed, and
then the adaptive tracking control can be given as

u(k) = u(k − 1)− α
∂Qc(y(k), a)

∂a

∣∣∣∣
a=u(k−1)

= u(k − 1)− α
∂�T

L (y(k), a)

∂a

∣∣∣∣
a=u(k−1)

θc. (53)

As stated in the Introduction, the motivation of this paper is
to achieve three important goals simultaneously. Accordingly,
compared with existing works, the strengths of the developed
CoQL method and the contributions of this paper can be
analyzed from three aspects as follows.

1) The CoQL method is developed for solving the model-
free optimal tracking control problem of general non-
affine nonlinear systems. It is known that results reported
for solving this problem are scarce. Note that most of the
existing works on optimal tracking control were reported
for affine nonlinear systems [43], [44], [51], [53]–[55] or
linear systems [42], [45], [48]. Moreover, these results
are completely model based [44], [50], [53] or partially
model based [43], [45], [51], [55].

2) The CoQL method learns the tracking control policy
with off-policy data. Off-policy data is arbitrary data
collected from the daily operations of the real system.
Note that most of the existing related works [12], [24],
[42], [51], [66], [68], [79], [80] belong to the on-policy
learning framework or use on-policy implementation.
For the on-policy learning scheme, to evaluate the value
function of a target control policy u, the system data
should be generated using the target control policy u.
This means that during the learning process, the
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learned control policy should be applied to generate data
before its convergence, which makes the data collection
much more difficult. That is to say, on-policy methods
cannot learn from the off-policy data. Even worse,
learning with on-policy scheme has the problem of inad-
equate exploration [19]. Unlike the on-policy methods,
off-policy methods are able to evaluate a target policy
while executing other behavior policies, which means
that any off-policy data is useful during the learning
process.

3) The developed CoQL method uses the critic-only imple-
mentation structure. For the model-free tracking control
problem of general nonaffine nonlinear systems, the
use of the critic-only structure is still a difficult issue
and no results have been reported according to the
best of our knowledge. Compared with the actor-critic
structure, the critic-only implementation structure may
reduce the computational effort but at the price of losing
the accuracy to some extent.

Remark 6: It is worth pointing out that the developed CoQL
method suits for solving extensive general model-free optimal
tracking control problems. The term general can be reflected
from the following aspects.

1) The system (1) is general and the full system model
f (x, u) is not required. Nearly all time-invariant systems
can be described by (1). Many existing works are
mainly restricted to linear systems [42], [45], [48], [65],
[66], [68] or affine nonlinear systems [43], [44], [51],
[53]–[55], which are special forms of the system (1).

2) The desired trajectory r(k) is a general bounded signal
since h(r) is unknown.

3) R(y, u) in the performance index (6) is general, where
its explicit expression is not required and thus no restric-
tions are imposed on its form. The one-step cost R(y, u)
is the real instantaneous cost generated at state y with
control action u during the practical operation. For many
existing works, R(y, u) is usually restricted to quadratic
form [42], [44], [45], [48], [55], [66], [68] or at least
quadratic form in control [82].

4) The developed CoQL method is an off-policy learning
approach, where the system data required for learning is
general. For the off-policy learning approach, the target
policy can be evaluated with data generated with any
other behavior policies, and thus any data collected from
real system is useful. �

Remark 7: Similar to the developed CoQL method, the
single network adaptive critic (SNAC) [8], [16], [83] uses only
one critic NN to approximate the costate, which was proved to
be a promising method for control design. However, there are
three main differences between the CoQL and SNAC methods.

1) The developed CoQL is a model-free method by learning
with off-policy data, while the SNAC is a model-based
method that requires the system mathematical equation.

2) The CoQL method is developed for solving the optimal
tracking control problem in this paper, while the SNAC
methods were designed for optimal regulation problems.

3) The CoQL and SNAC methods belong to different
frameworks. The CoQL method is developed based on

Fig. 1. Trajectories of r1(k), state x1(k), and tracking error e1(k) generated
by CoQL-based adaptive tracking control.

Fig. 2. Trajectories of r2(k), state x2(k), and tracking error e2(k) generated
by CoQL-based adaptive tracking control.

the action-state value function, i.e., Q-function Q, while
the SNAC method is designed based on the state value
function V . Thus, different approaches may be required
to analyze the two methods. �

V. SIMULATION STUDIES

In this section, the effectiveness of the developed CoQL
method is verified through simulation studies on a nonlinear
system. Consider the following system:⎧⎪⎨
⎪⎩

x1(k + 1) = 0.9950 tanh(x1(k))+ 0.0499 tanh(x2(k))

x2(k + 1) = −0.2996 tanh(x1(k))+ 0.9925 tanh(x2(k))

+ sin(u)

(54)

with x(0) = [0.4,−0.3]T. Let the desired trajectory r(k) be
generated by the following command system:{

r1(k + 1) = 0.9963r1(k)+ 0.0498r2(k)

r2(k + 1) = −0.2492r1(k)+ 0.9888r2(k)
(55)

with r(0) = [−0.1, 0.2]T. The desired trajectory r(k) are
sinusoidal signals, which are shown in Figs. 1 and 2 with
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Fig. 3. Critic NN weights θ̂ (i)1 − θ̂
(i)
5 at each iteration.

Fig. 4. Critic NN weights θ̂ (i)6 − θ̂
(i)
10 at each iteration.

black dotted lines. For the discounted performance index (6),
let R(y(l), u(l)) = e2

1(l)+2e2
2(l)+u2 and γ = 0.99. To show

the real cost generated using control u, define the cost with
respect to time as

J (k) �
k∑

l=0

γ lR(y(l), u(l)). (56)

To learn the Q-function with the developed CoQL method
(i.e., Algorithm 2), let the initial control u(0)(y) =
[0.0906, 0.0187, 0.0936, 0.0322]y, the termination condi-
tion ε = 10−5, and the critic NN activation func-
tion �L(x, a) = [tanh2(e1), tanh(e1) tanh(e2), tanh(e1)r1,
tanh(e1)r2, tanh(e1) sin(a), tanh2(e2), tanh(e2)r1, tanh(e2)r2,
tanh(e2) sin(a), r2

1 , r1r2, r1 sin(a), r2
2 , r2 sin(a), sin2(a)]T.

Using these parameters, simulation is conducted with the
CoQL algorithm and it terminates at the 112th iterations.
Figs. 3–5 show the critic NN weights at each iteration, where

θ̂ (i) converges to θc = [6.1806, 0.1657, −1.6448, −0.0743,
0.0481, 2.1282, −0.6271, −0.9628, 2.0581, 140.4417,
2.5552, −0.2362, 26.7717,−0.1004, 0.5357]T. With the con-
vergent critic NN weight vector θc, the CoQL-based adaptive
control law (53) is then employed for the system (54). The
simulation results are given in Figs. 1, 2, 6, and 7, where the

Fig. 5. Critic NN weights θ̂ (i)11 − θ̂
(i)
15 at each iteration.

Fig. 6. Trajectory of the CoQL-based adaptive tracking control.

Fig. 7. Trajectory of J (k) generated by the CoQL-based adaptive tracking
control.

dotted lines denote the desired trajectories and the solid lines
are generated by the developed CoQL-based adaptive tracking
control. Figs. 1 and 2 demonstrate the trajectories of system
state x(k) and tracking error e(k). Note that the CoQL-based
adaptive tracking control achieves a good tracking perfor-
mance. The trajectory of the CoQL-based adaptive control
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is shown in Fig. 6. In Fig. 7, the real cost J (k) of the
CoQL-based adaptive tracking control converges to 5.8109.

Remark 8: For the developed CoQL method, most of its
execution time is consumed on learning the Q-function by
computing the critic NN weight vector with (33) iteratively. It
is noted from (33) that the time will increase as the dimension
of the matrix Z (i) increases. Note that the dimension of the
matrix Z (i) is determined by the parameters L and M , where
L is the size of the critic NN and M is the size of the data set.
The parameters L and M are usually affected by the dimension
and the complexity of the system. That is to say, for com-
plex or higher dimensional systems, more hidden-layer nodes
(i.e., larger L) of the critic NN are required to approximate
the Q-function and more system data (i.e., larger M) is needed
to learn the Q-function. Therefore, the dimension and the
complexity of the system are the two main factors that affect
the execution time of the developed CoQL method. �

VI. CONCLUSION

The CoQL method was developed for model-free opti-
mal tracking control design of general nonlinear discrete-
time systems. The optimal tracking control problem was
first reformulated as an optimal regulation control problem
of the argumented system, and then the Q-learning algo-
rithm was proposed to learn the optimal Q-function without
requiring system model. Q-learning generates a nonincreasing
Q-function sequence, which was proved converging to the
optimal Q-function. For implementation purposes, the CoQL
method was developed, where only critic NN was required
for approximating the Q-function. By involving NN estimation
error, the convergence of the CoQL method is proved. After
the converge Q-function is obtained from the CoQL method,
the adaptive tracking control was designed based on a gradient
descent scheme. The developed CoQL method is general and
simple to implement, which suits for solving the model-free
optimal tracking control problem of many practical systems.
To verify the effectiveness of the developed adaptive optimal
tracking control method, simulation studies were conducted
on a nonlinear system and good tracking performance was
achieved.

There are some related interesting but not trivial issues
worth further investigation, but beyond the scope of this paper.
These are as follows.

1) The selection of parameters in the developed CoQL
method are still experience based. Thus, it is required
to conduct further studies on the parameters selection
such that the performance of the CoQL method can be
improved.

2) Extend the developed methods to handle control prob-
lems with input constraints, delays, uncertainties, etc.

3) Apply the developed methods to solve real application
problems.

REFERENCES

[1] D. P. Bertsekas and J. N. Tsitsiklis, Neuro-Dynamic Programming.
Belmont, MA, USA: Athena Scientific, 1996.

[2] L. P. Kaelbling, M. L. Littman, and A. W. Moore, “Reinforcement
learning: A survey,” J. Artif. Intell. Res., vol. 4, no. 1, pp. 237–285,
Jan. 1996.

[3] W. B. Powell, Approximate Dynamic Programming: Solving the Curses
of Dimensionality. Hoboken, NJ, USA: Wiley, 2007.

[4] D. P. Bertsekas, “Approximate policy iteration: A survey and some
new methods,” J. Control Theory Appl., vol. 9, no. 3, pp. 310–335,
Aug. 2011.

[5] D. P. Bertsekas, “Temporal difference methods for general projected
equations,” IEEE Trans. Autom. Control, vol. 56, no. 9, pp. 2128–2139,
Sep. 2011.

[6] G. Chowdhary, M. Liu, R. Grande, T. Walsh, J. How, and L. Carin, “Off-
policy reinforcement learning with Gaussian processes,” IEEE/CAA J.
Autom. Sinica, vol. 1, no. 3, pp. 227–238, Jul. 2014.

[7] F. L. Lewis and D. Vrabie, “Reinforcement learning and adaptive
dynamic programming for feedback control,” IEEE Circuits Syst. Mag.,
vol. 9, no. 3, pp. 32–50, Aug. 2009.

[8] R. Padhi, N. Unnikrishnan, X. Wang, and S. N. Balakrishnan,
“A single network adaptive critic (SNAC) architecture for optimal
control synthesis for a class of nonlinear systems,” Neural Netw., vol. 19,
no. 10, pp. 1648–1660, 2006.

[9] J. Fu, H. He, and X. Zhou, “Adaptive learning and control for MIMO
system based on adaptive dynamic programming,” IEEE Trans. Neural
Netw., vol. 22, no. 7, pp. 1133–1148, Jul. 2011.

[10] H.-N. Wu and B. Luo, “Neural network based online simultaneous policy
update algorithm for solving the HJI equation in nonlinear H∞ control,”
IEEE Trans. Neural Netw. Learn. Syst., vol. 23, no. 12, pp. 1884–1895,
Dec. 2012.

[11] T. Dierks and S. Jagannathan, “Online optimal control of affine nonlinear
discrete-time systems with unknown internal dynamics by using time-
based policy update,” IEEE Trans. Neural Netw. Learn. Syst., vol. 23,
no. 7, pp. 1118–1129, Jul. 2012.

[12] D. Wang, D. Liu, Q. Wei, D. Zhao, and N. Jin, “Optimal control of
unknown nonaffine nonlinear discrete-time systems based on adaptive
dynamic programming,” Automatica, vol. 48, no. 8, pp. 1825–1832,
2012.

[13] B. Luo and H. N. Wu, “Approximate optimal control design for nonlinear
one-dimensional parabolic PDE systems using empirical eigenfunctions
and neural network,” IEEE Trans. Syst., Man, Cybern. B, Cybern.,
vol. 42, no. 6, pp. 1538–1549, Dec. 2012.

[14] Z. Ni, H. He, and J. Wen, “Adaptive learning in tracking control based
on the dual critic network design,” IEEE Trans. Neural Netw. Learn.
Syst., vol. 24, no. 6, pp. 913–928, Jun. 2013.

[15] F. L. Lewis and D. Liu, Eds., Reinforcement Learning and Approximate
Dynamic Programming for Feedback Control, vol. 17. Hoboken, NJ,
USA: Wiley, 2013.

[16] A. Heydari and S. N. Balakrishnan, “Finite-horizon control-constrained
nonlinear optimal control using single network adaptive critics,” IEEE
Trans. Neural Netw. Learn. Syst., vol. 24, no. 1, pp. 147–157,
Jan. 2013.

[17] X. Xu, Z. Hou, C. Lian, and H. He, “Online learning control using
adaptive critic designs with sparse kernel machines,” IEEE Trans. Neural
Netw. Learn. Syst., vol. 24, no. 5, pp. 762–775, May 2013.

[18] Y. Jiang and Z.-P. Jiang, “Robust adaptive dynamic programming and
feedback stabilization of nonlinear systems,” IEEE Trans. Neural Netw.
Learn. Syst., vol. 25, no. 5, pp. 882–893, May 2014.

[19] B. Luo, H.-N. Wu, T. Huang, and D. Liu, “Data-based approximate
policy iteration for affine nonlinear continuous-time optimal control
design,” Automatica, vol. 50, no. 12, pp. 3281–3290, 2014.

[20] R. Kamalapurkar, J. R. Klotz, and W. E. Dixon, “Concurrent learning-
based approximate feedback-Nash equilibrium solution of N-player
nonzero-sum differential games,” IEEE/CAA J. Autom. Sinica, vol. 1,
no. 3, pp. 239–247, Jul. 2014.

[21] A. Heydari and S. N. Balakrishnan, “Optimal switching and control of
nonlinear switching systems using approximate dynamic programming,”
IEEE Trans. Neural Netw. Learn. Syst., vol. 25, no. 6, pp. 1106–1117,
Jun. 2014.

[22] J. Y. Lee, J. B. Park, and Y. H. Choi, “Integral reinforcement learning
for continuous-time input-affine nonlinear systems with simultaneous
invariant explorations,” IEEE Trans. Neural Netw. Learn. Syst., vol. 26,
no. 5, pp. 916–932, May 2015.

[23] B. Xu, C. Yang, and Z. Shi, “Reinforcement learning output feedback
NN control using deterministic learning technique,” IEEE Trans. Neural
Netw. Learn. Syst., vol. 25, no. 3, pp. 635–641, Mar. 2014.

[24] X. Zhong, H. He, H. Zhang, and Z. Wang, “Optimal control for unknown
discrete-time nonlinear Markov jump systems using adaptive dynamic
programming,” IEEE Trans. Neural Netw. Learn. Syst., vol. 25, no. 12,
pp. 2141–2155, Dec. 2015.



LUO et al.: MODEL-FREE OPTIMAL TRACKING CONTROL VIA CoQL 2143

[25] Z. Ni, H. He, X. Zhong, and D. V. Prokhorov, “Model-free dual heuristic
dynamic programming,” IEEE Trans. Neural Netw. Learn. Syst., vol. 26,
no. 8, pp. 1834–1839, Aug. 2013.

[26] B. Luo, H.-N. Wu, and H.-X. Li, “Data-based suboptimal neuro-control
design with reinforcement learning for dissipative spatially distributed
processes,” Ind. Eng. Chem. Res., vol. 53, no. 19, pp. 8106–8119, 2014.

[27] B. Luo, H.-N. Wu, and H.-X. Li, “Adaptive optimal control of highly
dissipative nonlinear spatially distributed processes with neuro-dynamic
programming,” IEEE Trans. Neural Netw. Learn. Syst., vol. 26, no. 4,
pp. 684–696, Apr. 2015.

[28] Q. Wei and D. Liu, “Numerical adaptive learning control scheme for
discrete-time non-linear systems,” IET Control Theory Appl., vol. 7,
no. 11, pp. 1472–1486, Jul. 2013.

[29] Q. Wei and D. Liu, “Adaptive dynamic programming for optimal
tracking control of unknown nonlinear systems with application to
coal gasification,” IEEE Trans. Autom. Sci. Eng., vol. 11, no. 4,
pp. 1020–1036, Oct. 2014.

[30] Q. Wei and D. Liu, “Data-driven neuro-optimal temperature con-
trol of water–gas shift reaction using stable iterative adaptive
dynamic programming,” IEEE Trans. Ind. Electron., vol. 61, no. 11,
pp. 6399–6408, Nov. 2014.

[31] Q. Wei, F.-Y. Wang, D. Liu, and X. Yang, “Finite-approximation-error-
based discrete-time iterative adaptive dynamic programming,” IEEE
Trans. Cybern., vol. 44, no. 12, pp. 2820–2833, Dec. 2014.

[32] Q. Wei and D. Liu, “A novel iterative θ -adaptive dynamic programming
for discrete-time nonlinear systems,” IEEE Trans. Autom. Sci. Eng.,
vol. 11, no. 4, pp. 1176–1190, Oct. 2014.

[33] D. Liu, H. Li, and D. Wang, “Neural-network-based zero-sum game
for discrete-time nonlinear systems via iterative adaptive dynamic pro-
gramming algorithm,” Neurocomputing, vol. 110, no. 13, pp. 92–100,
2013.

[34] Y. Tang, H. He, J. Wen, and J. Liu, “Power system stability control for
a wind farm based on adaptive dynamic programming,” IEEE Trans.
Smart Grid, vol. 6, no. 1, pp. 166–177, Jan. 2015.

[35] Z. D. Wilcox, W. MacKunis, S. Bhat, R. Lind, and W. E. Dixon,
“Lyapunov-based exponential tracking control of a hypersonic aircraft
with aerothermoelastic effects,” J. Guid., Control, Dyn., vol. 33, no. 4,
pp. 1213–1224, 2010.

[36] B. Xu, C. Yang, and Y. Pan, “Global neural dynamic surface tracking
control of strict-feedback systems with application to hypersonic flight
vehicle,” IEEE Trans. Neural Netw. Learn. Syst., vol. 26, no. 10,
pp. 2563–2575, Oct. 2015.

[37] B. Xu and Z. Shi, “An overview on flight dynamics and control
approaches for hypersonic vehicles,” Sci. China Inf. Sci., vol. 58, no. 7,
pp. 1–19, Jul. 2015.

[38] K. Lu and Y. Xia, “Adaptive attitude tracking control for rigid
spacecraft with finite-time convergence,” Automatica, vol. 49, no. 12,
pp. 3591–3599, 2013.

[39] W. Luo, Y.-C. Chu, and K.-V. Ling, “Inverse optimal adaptive control
for attitude tracking of spacecraft,” IEEE Trans. Autom. Control, vol. 50,
no. 11, pp. 1639–1654, Nov. 2005.

[40] A. Mannava, S. N. Balakrishnan, L. Tang, and R. G. Landers, “Optimal
tracking control of motion systems,” IEEE Trans. Control Syst. Technol.,
vol. 20, no. 6, pp. 1548–1558, Nov. 2012.

[41] B. Wang, Z.-H. Guan, and F.-S. Yuan, “Optimal tracking and two-
channel disturbance rejection under control energy constraint,” Auto-
matica, vol. 47, no. 4, pp. 733–738, Apr. 2011.

[42] B. Kiumarsi, F. L. Lewis, H. Modares, A. Karimpour, and
M. B. Naghibi-Sistani, “Reinforcement Q-learning for optimal track-
ing control of linear discrete-time systems with unknown dynamics,”
Automatica, vol. 50, no. 4, pp. 1167–1175, Apr. 2014.

[43] H. Modares and F. L. Lewis, “Optimal tracking control of nonlinear
partially-unknown constrained-input systems using integral reinforce-
ment learning,” Automatica, vol. 50, no. 7, pp. 1780–1792, Jul. 2014.

[44] R. Kamalapurkar, H. Dinh, S. Bhasin, and W. E. Dixon, “Approximate
optimal trajectory tracking for continuous-time nonlinear systems,”
Automatica, vol. 51, no. 1, pp. 40–48, Jan. 2015.

[45] H. Modares and F. L. Lewis, “Linear quadratic tracking control of
partially-unknown continuous-time systems using reinforcement learn-
ing,” IEEE Trans. Autom. Control, vol. 59, no. 11, pp. 3051–3056,
Nov. 2014.

[46] J. Na and G. Herrmann, “Online adaptive approximate optimal tracking
control with simplified dual approximation structure for continuous-time
unknown nonlinear systems,” IEEE/CAA J. Autom. Sinica, vol. 1, no. 4,
pp. 412–422, Oct. 2014.

[47] Q. Wei and D. Liu, “A novel iterative-adaptive dynamic programming
for discrete-time non-linear systems,” IEEE Trans. Autom. Sci. Eng.,
vol. 11, no. 4, pp. 1176–1190, Oct. 2014.

[48] B. Kiumarsi, F. L. Lewis, M.-B. Naghibi-Sistani, and A. Karimpour,
“Optimal tracking control of unknown discrete-time linear systems using
input-output measured data,” IEEE Trans. Cybern., vol. 45, no. 12,
pp. 2770–2779, Dec. 2015.

[49] H. Zhang, L. Cui, X. Zhang, and Y. Luo, “Data-driven robust approx-
imate optimal tracking control for unknown general nonlinear systems
using adaptive dynamic programming method,” IEEE Trans. Neural
Netw., vol. 22, no. 12, pp. 2226–2236, Dec. 2011.

[50] H. Zhang, R. Song, Q. Wei, and T. Zhang, “Optimal tracking control
for a class of nonlinear discrete-time systems with time delays based on
heuristic dynamic programming,” IEEE Trans. Neural Netw., vol. 22,
no. 12, pp. 1851–1862, Dec. 2011.

[51] B. Kiumarsi and F. L. Lewis, “Actor–critic-based optimal tracking for
partially unknown nonlinear discrete-time systems,” IEEE Trans. Neural
Netw. Learn. Syst., vol. 26, no. 1, pp. 140–151, Jan. 2015.

[52] Y.-J. Liu, L. Tang, S.-C. Tong, C. L. P. Chen, and D.-J. Li, “Reinforce-
ment learning design-based adaptive tracking control with less learning
parameters for nonlinear discrete-time MIMO systems,” IEEE Trans.
Neural Netw. Learn. Syst., vol. 26, no. 1, pp. 165–176, Jan. 2015.

[53] H. Zhang, Q. Wei, and Y. Luo, “A novel infinite-time optimal tracking
control scheme for a class of discrete-time nonlinear systems via the
greedy HDP iteration algorithm,” IEEE Trans. Syst., Man, Cybern. B,
Cybern., vol. 38, no. 4, pp. 937–942, Aug. 2008.

[54] Q. Wei and D. Liu, “Neural-network-based adaptive optimal tracking
control scheme for discrete-time nonlinear systems with approximation
errors,” Neurocomputing, vol. 149, no. 3, pp. 106–115, Feb. 2015.

[55] B. Kiumarsi, F. L. Lewis, and D. S. Levine, “Optimal control of nonlin-
ear discrete time-varying systems using a new neural network approxi-
mation structure,” Neurocomputing, vol. 156, pp. 157–165, May 2015.

[56] C. Qin, H. Zhang, and Y. Luo, “Online optimal tracking control
of continuous-time linear systems with unknown dynamics by using
adaptive dynamic programming,” Int. J. Control, vol. 87, no. 5,
pp. 1000–1009, 2014.

[57] C. J. C. H. Watkins and P. Dayan, “Q-learning,” Mach. Learn., vol. 8,
nos. 3–4, pp. 279–292, 1992.

[58] J. N. Tsitsiklis, “Asynchronous stochastic approximation and
Q-learning,” Mach. Learn., vol. 16, no. 3, pp. 185–202, Sep. 1994.

[59] J. Peng and R. J. Williams, “Incremental multi-step Q-learning,” Mach.
Learn., vol. 22, nos. 1–3, pp. 283–290, 1996.

[60] E. Even-Dar and Y. Mansour, “Learning rates for Q-learning,” J. Mach.
Learn. Res., vol. 5, pp. 1–25, Jan. 2003.

[61] S. Bhatnagar and K. M. Babu, “New algorithms of the Q-learning type,”
Automatica, vol. 44, no. 4, pp. 1111–1119, Apr. 2008.

[62] H. R. Maei and R. S. Sutton, “GQ(λ): A general gradient algorithm for
temporal-difference prediction learning with eligibility traces,” in Proc.
3rd Conf. Artif. General Intell., vol. 1. 2010, pp. 91–96.

[63] S. Doltsinis, P. Ferreira, and N. Lohse, “An MDP model-based reinforce-
ment learning approach for production station ramp-up optimization:
Q-learning analysis,” IEEE Trans. Syst., Man, Cybern., Syst., vol. 44,
no. 9, pp. 1125–1138, Sep. 2014.

[64] A. Al-Tamimi, F. L. Lewis, and M. Abu-Khalaf, “Model-free Q-learning
designs for linear discrete-time zero-sum games with application to
H-infinity control,” Automatica, vol. 43, no. 3, pp. 473–481, 2007.

[65] J.-H. Kim and F. L. Lewis, “Model-free H∞ control design for unknown
linear discrete-time systems via Q-learning with LMI,” Automatica,
vol. 46, no. 8, pp. 1320–1326, Aug. 2010.

[66] J. Y. Lee, J. B. Park, and Y. H. Choi, “Integral Q-learning and explorized
policy iteration for adaptive optimal control of continuous-time linear
systems,” Automatica, vol. 48, no. 11, pp. 2850–2859, Nov. 2012.

[67] Q. Wei, D. Liu, and G. Shi, “A novel dual iterative Q-learning
method for optimal battery management in smart residential environ-
ments,” IEEE Trans. Ind. Electron., vol. 62, no. 4, pp. 2509–2518,
Apr. 2015.

[68] M. Palanisamy, H. Modares, F. L. Lewis, and M. Aurangzeb,
“Continuous-time Q-learning for infinite-horizon discounted cost linear
quadratic regulator problems,” IEEE Trans. Cybern., vol. 45, no. 2,
pp. 165–176, Feb. 2015.

[69] R. S. Sutton and A. G. Barto, Reinforcement Learning: An Introduction.
Cambridge, MA, USA: MIT Press, 1998.

[70] D. Precup, R. S. Sutton, and S. Dasgupta, “Off-policy temporal-
difference learning with function approximation,” in Proc. 18th Int. Conf.
Mach. Learn., 2001, pp. 417–424.



2144 IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS, VOL. 27, NO. 10, OCTOBER 2016

[71] H. R. Maei, C. Szepesvári, S. Bhatnagar, and R. S. Sutton, “Toward
off-policy learning control with function approximation,” in Proc. 27th
Int. Conf. Mach. Learn., 2010, pp. 719–726.

[72] B. Luo, H.-N. Wu, and T. Huang, “Off-policy reinforcement learning for
H∞ control design,” IEEE Trans. Cybern., vol. 45, no. 1, pp. 65–76,
Jan. 2015.

[73] H. Modares, F. L. Lewis, and Z.-P. Jiang, “H∞ tracking control
of completely unknown continuous-time systems via off-policy
reinforcement learning,” IEEE Trans. Neural Netw. Learn. Syst., vol. 26,
no. 10, pp. 2550–2562, Oct. 2015.

[74] B. Luo, H.-N. Wu, T. Huang, and D. Liu, “Reinforcement learning solu-
tion for HJB equation arising in constrained optimal control problem,”
Neural Netw., vol. 71, pp. 150–158, Nov. 2015.

[75] B. Luo, T. Huang, H. Wu, and X. Yang, “Data-driven H∞ control
for nonlinear distributed parameter systems,” IEEE Trans. Neural Netw.
Learn. Syst., vol. 26, no. 11, pp. 2949–2961, Nov. 2015.

[76] J. T. Spooner, M. Maggiore, R. Ordóñez, and K. M. Passino, Stable
Adaptive Control and Estimation for Nonlinear Systems: Neural and
Fuzzy Approximator Techniques, vol. 43. New York, NY, USA: Wiley,
2004.

[77] K. Hornik, M. Stinchcombe, and H. White, “Universal approximation of
an unknown mapping and its derivatives using multilayer feedforward
networks,” Neural Netw., vol. 3, no. 5, pp. 551–560, 1990.

[78] S. O. Haykin, Neural Networks and Learning Machines, vol. 3.
Upper Saddle River, NJ, USA: Pearson Education, 2009.

[79] F. L. Lewis and K. G. Vamvoudakis, “Reinforcement learning for
partially observable dynamic processes: Adaptive dynamic programming
using measured output data,” IEEE Trans. Syst., Man, Cybern. B,
Cybern., vol. 41, no. 1, pp. 14–25, Feb. 2011.

[80] Y. Jiang and Z.-P. Jiang, “Computational adaptive optimal control for
continuous-time linear systems with completely unknown dynamics,”
Automatica, vol. 48, no. 10, pp. 2699–2704, 2012.

[81] Q. Wei, D. Liu, and X. Yang, “Infinite horizon self-learning optimal
control of nonaffine discrete-time nonlinear systems,” IEEE Trans.
Neural Netw. Learn. Syst., vol. 26, no. 4, pp. 866–879, Apr. 2015.

[82] Q. Zhao, H. Xu, and S. Jagannathan, “Neural network-based finite-
horizon optimal control of uncertain affine nonlinear discrete-time
systems,” IEEE Trans. Neural Netw. Learn. Syst., vol. 26, no. 3,
pp. 486–499, Mar. 2015.

[83] J. Ding, A. Heydari, and S. N. Balakrishnan, “Single network adaptive
critics networks—Development, analysis and applications,” in Proc.
Reinforcement Learn. Approx. Dyn. Program. Feedback Control, 2013,
pp. 98–118.

Biao Luo (M’15) received the B.E. and
M.E. degrees from Xiangtan University, Xiangtan,
China, in 2006 and 2009, respectively, and the
Ph.D. degree from Beihang University, Beijing,
China, in 2014.

He was a Research Assistant with the Department
of System Engineering and Engineering
Management, City University of Hong Kong,
Hong Kong, in 2013. He was a Research
Assistant/Associate with the Department of
Mathematics and Science, Texas A&M University

at Qatar, Doha, Qatar, in 2013, 2014, and 2015. He is currently an Assistant
Professor with the Institute of Automation, Chinese Academy of Sciences,
Beijing. His current research interests include distributed parameter systems,
optimal control, data-based control, fuzzy/neural modeling and control,
hypersonic entry/reentry guidance, learning and control from big data,
reinforcement learning, approximate dynamic programming, and evolutionary
computation.

Dr. Luo was a recipient of the Chinese Association of Automation
Outstanding Ph.D. Dissertation Award in 2015. He serves as an Associate
Editor of the Artificial Intelligence Review. He was the Secretariat of the
12th World Congress on Intelligent Control and Automation 2016, the
Secretariat of the 5th International Conference on Information Science
and Technology 2015, and the Publication Chair of the 13th International
Symposium on Neural Networks 2016.

Derong Liu (S’91–M’94–SM’96–F’05) received the
Ph.D. degree in electrical engineering from the Uni-
versity of Notre Dame, Notre Dame, IN, USA, in
1994.

He was a Staff Fellow with the General Motors
Research and Development Center, Warren, MI,
USA, from 1993 to 1995. He was an Assistant
Professor with the Department of Electrical and
Computer Engineering, Stevens Institute of Tech-
nology, Hoboken, NJ, USA, from 1995 to 1999.
He joined the University of Illinois at Chicago,

Chicago, IL, USA, in 1999, and became a Full Professor of Electrical
and Computer Engineering and of Computer Science in 2006. He was
selected for the 100 Talents Program by the Chinese Academy of Sciences
in 2008. He served as the Associate Director of the State Key Laboratory
of Management and Control for Complex Systems with the Institute of
Automation, Chinese Academy of Sciences, Beijing, from 2010 to 2015. He
is currently a Full Professor with the School of Automation and Electrical
Engineering, University of Science and Technology Beijing, Beijing. He has
authored 15 books (six research monographs and nine edited volumes).

Prof. Liu is an elected AdCom Member of the IEEE Computational Intel-
ligence Society. He is a fellow of the International Neural Network Society.
He received the Faculty Early Career Development Award from the National
Science Foundation in 1999, the University Scholar Award from the University
of Illinois from 2006 to 2009, the Overseas Outstanding Young Scholar
Award from the National Natural Science Foundation of China in 2008, and
the Outstanding Achievement Award from the Asia Pacific Neural Network
Assembly in 2014. He was the Editor-in-Chief of the IEEE TRANSACTIONS
ON NEURAL NETWORKS AND LEARNING SYSTEMS. He was the General
Chair of the 2014 IEEE World Congress on Computational Intelligence and
is the General Chair of the 2016 World Congress on Intelligent Control and
Automation.

Tingwen Huang received the B.S. degree from
Southwest University, Chongqing, China, in 1990,
the M.S. degree from Sichuan University, Chengdu,
China, in 1993, and the Ph.D. degree from Texas
A& M University, College Station, TX, USA,
in 2002.

He was a Visiting Assistant Professor with Texas
A&M University, after graduation. Then, he joined
Texas A& M University at Qatar, Doha, Qatar, as an
Assistant Professor in 2003, where he is currently
a Professor. He has authored or co-authored over

100 refereed journal papers. His current research interests include neural
networks, chaotic dynamical systems, complex networks, and optimization
and control.

Ding Wang (M’15) received the B.S. degree in
mathematics from the Zhengzhou University of
Light Industry, Zhengzhou, China, in 2007, the
M.S. degree in operations research and cybernet-
ics from Northeastern University, Shenyang, China,
in 2009, and the Ph.D. degree in control theory and
control engineering from the Institute of Automa-
tion, Chinese Academy of Sciences, Beijing, China,
in 2012.

He has been a Visiting Scholar with the
Department of Electrical, Computer, and Biomedical

Engineering, University of Rhode Island, Kingston, RI, USA, since 2015.
He is currently an Associate Professor with the State Key Laboratory of Man-
agement and Control for Complex Systems, Institute of Automation, Chinese
Academy of Sciences. He has authored over 60 journal and conference papers,
and co-authored two monographs. His current research interests include
adaptive and learning systems, intelligent control, and neural networks.

Dr. Wang is a member of the Asia-Pacific Neural Network Society and
the Chinese Association of Automation (CAA). He was a recipient of the
Excellent Doctoral Dissertation Award of the Chinese Academy of Sciences
in 2013, and a nomination of the Excellent Doctoral Dissertation Award
of CAA in 2014. He was the Registration Chair of the 4th International
Conference on Intelligent Control and Information Processing in 2013and the
5th International Conference on Information Science and Technology in 2015,
and the Secretariat of the 2014 IEEE World Congress on Computational
Intelligence in 2014. He served as the Program Committee Member of
several international conferences. He is the Finance Chair of the 12th World
Congress on Intelligent Control and Automation in 2016. He serves as an
Associate Editor of the IEEE TRANSACTIONS ON NEURAL NETWORKS AND

LEARNING SYSTEMS and Neurocomputing.


	07569146.pdf
	07509626.pdf


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


