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Abstract— A problem that compromises networked control
systems (NCSs) is the constant loss of information by the
networks, which affects the behavior and stability of the systems
to control. Therefore, it is of extreme importance to find
means to avoid or correct that loss of information. One of
the proposed approaches used is to create data transmission
protocols, that coordinate the information transmission in data
networks. The protocols proposed in this paper are based on
the redundant transmission property studied in [1]. In lossy
networks the probability of successful communication can be
significantly increased by transmitting multiple copies of a same
message through independent channels, without increasing the
transmission delays.

The goal of this paper is to evaluate and to design better
terms for the protocols that rule the communication in NCSs,
with the objective of optimizing the estimation error - cost
of communication tradeoff for different contexts. It is used
Q-learning, a reinforcement learning technique. Q-learning in
its classical tabular form is not efficient for large state space
problems. Thus, in this paper, it is approximated by two
different function approximation methods, neural networks and
linear parametrization, with the endgame of generating laws
that optimize the data transmission rate in NCSs.

The results are presented for each of the Q-learning approx-
imations applied to two different NCSs: NCS1, where only one
node transmits using three wireless communication channels,
and NCS2, that has two nodes sharing the wireless network
with three communication channels, where one channel is
used by both nodes for redundant transmission. Both function
approximation techniques were able to obtain optimal protocols
for NCS1, with equal or better estimation error - cost of
communication relation than trivial protocols proposed. The
good results obtained for NCS1 were a motivation for the
application of the same techniques in NCS2, that introduced
a more complex problem. The results for the neural networks
approximation were satisfactory, as optimal protocols were
obtained that had a equal or better performance than the
trivial protocols proposed. However, the results for the linear
parametrization approximation did not fulfill the expectations.

I. INTRODUCTION

Data communication is, by definition, the exchange of
data between two devices via some form of transmission
medium which can be wired or wireless. A popular choice
of transmission medium for this type of communication are
data networks, that allow the transmission of digital data,
in form of packets, from a transmitter to a receiver, that can
be devices like computers or mobile phones [2].

A specific technology that operates with data networks
are Networked Control Systems, or NCSs, which can
be defined as control systems where the control compo-
nents (sensors, actuators, controllers) are connected to each
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other through a wireless network [3]. NCSs present a great
deal of advantages comparing to classical control systems.
Connecting the control system components via a wireless
network can effectively reduce the complexity of systems.
Furthermore, network controllers allow data to be shared
efficiently, as it is easier to fuse the global information
to take intelligent decisions over a large physical space.
They eliminate unnecessary wiring, which is extremely im-
portant for control systems that cannot have wires (e.g.
controlling autonomous vehicles in environments dangerous
for humans). It is easy to add more sensors, actuators and
controllers with very little cost and without heavy structural
changes to the whole system. Most importantly, they connect
cyber space to physical space making task execution from a
distance easily accessible (a form of tele-presence) [4]. The
potential uses of NCS are numerous and cover a wide range
of industries. The two main areas of application for this type
of systems are industrial automation (e.g. Smart Grids [5])
and cooperative robotics [6],[7].

However, the use of a communication network in the
feedback control loop makes the analysis and design of
an NCS complex, and introduces some issues that degrade
the control system’s performance and even cause system
instability, like the possibility of packet loss [8]. This
specific problem will be addressed in this paper.

Packet loss can be caused by internal or external inter-
ferences, and can be modeled with a certain probability of
failure in sending a packet. This is a problem of major
importance, as consecutive packet losses will interfere with
the stability and behavior of both the control system and the
system to be controlled. One of the big causes of packet loss
is the existence of faulty communication channels in some
networks, leading to a high probability of packet transmission
failure [8]. This challenge gave rise to many important
research topics, amongst them the development of data
communication protocols, that coordinate the information
transference through the network.

There are a lot of different techniques in which protocols
rely. For example, prioritizing the node with the greatest
weighted error [9] , fixing the transmission sequence of
nodes in a predetermined order [10], and sending information
packets in a redundant way [1]. As the goal is to rule the
communication in a real time system, these protocols must
work in real time.

The redundant transmission property explained in [1]
is a technique that utilizes an adaptive allocation of the
communication resources. In [1] it is proved that something
as simple as sending a copy of the information packet



in a different channel at the same time as the original
can increase the transmission rate without compromising
the stability of the system, which makes it an interesting
characteristic to build protocols on. It is an example of a
diversity scheme, an adaptive method which corresponds
to the transmission of redundant signals through mostly
independent channel realizations. These adaptive techniques
are well-suited for NCSs because they permit an increase
in the reliability of communication without increasing the
transmission delays, to which NCSs have low tolerance [3].
Diversity schemes may involve using multiple time slots,
frequency slots, antennas or network paths [11]. Identically
to the redundant transmission property in [1], many diversity
schemes are dynamically exploited in data networks by
scheduling transmissions according to the network status, e.g.
[12],[13]. However, opposite to [1], these techniques do not
take into account nor benefit from the dynamical nature of
NCSs.

Redundant transmission creates complex problems, given
that there must be a tradeoff between the success rate of
the information packet transmission and the usage of the
communication resources, i.e., while transmitting multiple
copies of the same packet may increase the success rate of
transmissions, it also uses more communication resources
and spends more energy in transmitting. Also, in the case
that multiple components from different systems share the
same communication network, there needs to be an extra care
for each component transmitting redundant messages, given
that if two or more components use the same communication
channel at one moment, there will be packet collision and
loss of information.

We study two different NCS architectures in this paper:

1) NCS1 - NCS with one agent, transmitting in a network
with three communication channels (see Figure 1);

2) NCS2 - NCS with two agents, using the same com-
munication network with three channels, one for each
agent and one to be shared by the agents (see Figure
2).

Fig. 1: NCS1 - NCS with one agent and three channels

The first adopted NCS architecture is depicted in Figure 1,
which considers the case of a single sensor and a controller.
It is assumed that, by means of some diversity scheme, a
number of independent redundant channels is available for
data transmission. These are erasure channels with inde-
pendent identically distributed (iid) packet drops. At each
time step, the sensor sends measurements to the controller
with a certain level of redundancy. Further, by means of

an acknowledgement mechanism, the sensor knows which
measurements were received by the controller.

Fig. 2: NCS2 - NCS with two agents and three channels

The second adopted NCS architecture is illustrated in Fig-
ure 2, which considers the case of two agents, where the com-
munication means are shared by both sensors and controllers.
Similarly to NCS1, the channels are erasure channels with
independent identically distributed packet drops, and at each
time step, the sensor of each agent sends measurements to the
corresponding controller with a certain level of redundancy
and the sensor knows which measurements were received
by the controller. In this case, agent 1 always transmits in
channel 1, agent 2 always transmits in channel 2, and both
share channel 3.

While for NCS1 the focus is on deciding how many
redundant copies of a packet should be transmitted at each
sampling time and what benefits can be drawn from this,
for NCS2 we need to choose a probability of transmitting in
the shared channel for each agent at each time step, which
is a more complex problem. Increasing these probabilities
would decrease the packet drops, but it would use more
channels and augment the probability of packet collisions,
that happens when both agents decide to transmit in the
shared channel, and cause both packets to be lost. In section
II are explained the system dynamics for both NCSs.

The optimal protocols that optimize the transmission rate
of an NCS for a determined context are not always simple
to find, specially because they are intimately connected to
the characteristics of each NCS. In this thesis are applied
techniques of reinforcement learning (RL) to design pro-
tocols that rule the communication network in NCSs. RL is
an area of machine learning, and it focus on how agents
ought to take actions in order to maximize some notion
of cumulative reward. The learning is performed through
interaction with the environment, and a reinforcement system
(rewards or punishments) gives feedback to the agent con-
cerning the cumulative value of the actions it took [14]. Thus,
implementing RL with a feedback function that somehow
evaluates the actions taken by an NCS, with special focus
on the control performance and the use of communication
resources for a determined context, can ultimately make the
NCS learn the optimal protocol. Reinforcement learning is a
recognized optimization method, and it has been widely used
to design adaptive protocols for different wireless networks
[15]–[19].

The RL technique used in this paper is Q-learning. It is a
tabular method, as for every tuple of state and action (s,a),
it returns the value of taking action a in state s. Such an
approach works reasonably well for small state spaces, but



the time to converge and the time per iteration increases
rapidly as the space gets larger [20]. Instead of using Q-
learning as a tabular method, in this thesis we use techniques
that aim to approximate the Q function, and can handle huge
state spaces.

We investigate the use of Q-learning as implemented in
[21], where they create an alternative Q-learning algorithm
called Deep Q Network (DQN). In DQN, neural networks are
used as an approximator for the Q function. In our approach,
neural networks are trained so that they generalize the Q
function that maps the state (input) to the value of taking each
action in that state (output). The DQN algorithm has been
widely applied in different areas [22]–[24]. More recently it
was applied to design protocols in wireless networks [17],
[19].

We also apply a linear parametrization as implemented
in [25] which seeks to approximate the Q function linearly
using a set of features. The Zap Q-learning algorithm [25]
is based on a two time-scale stochastic approximation algo-
rithm that uses a linear parametrization to approximate the
Q-function of the Q-learning algorithm. Its main contribution
is the quick convergence to the optimal Q function, which
makes it a computationally efficient method. Given that it
was only published in 2017, there are not many applications
of the algorithm published. However, the promising results
shown in [25] led us to believe that it would be a good
approach to apply it to develop protocols for NCSs.

In section III the problems of finding optimal protocols
for the NCSs studied are described as Markov Decision
Processes, and the cost function, states and action are de-
fined. More particularly, in subsection III-E are shown the
algorithms based in [21] and [25]. Finally, in section IV,
are presented the results obtained for the application of
those algorithms to NCS1 and NCS2, and are compared with
the performance of some trivial protocols. The algorithms
based in [21] were able to design optimal protocols for
both NCSs, with a equal or better estimation error - cost
of communication tradeoff than the trivial protocols. The
ones based in [25] produced optimal protocols for NCS1,
but failed to design protocols that would obtain the minimum
estimation error for NCS2.

II. NCS DYNAMICS

A. NCS with One Agent and One Channel

We consider a linear time-invariant plant with

x(k+1) = Ax(k)+Bu(k)+w(k)

y(k) =Cx(k)
(1)

where x ∈ Rm denotes the state of the process, u ∈ Rn the
control input, y ∈Rp the output vector of the plant, w ∈Rm

an m-dimensional zero-mean Gaussian white noise process
with positive definite covariance matrix Rw, A ∈ Rm×Rm

is the state matrix , B ∈ Rm×Rn is the input matrix, and
C ∈ Rm×Rm is the output matrix. It is assumed that the
system is controllable. The state space matrices used for the
control systems are in table I.

The controller and a sensor that measures the full state
x(k) are connected through a network that drops packets
independently of each other, with probability p ∈ (0,1). We
admit that the transmitter is equipped with a feedback chan-
nel that allows it to know which packets are dropped. It is
modeled as a Bernoulli distribution, where the probability of
transmission failure is p, and the probability of transmission
success is 1− p, p∈ [0,1]. For every time step of the system,
the sensor measures the state from the plant, and sends a
packet to the controller through the network channel. The
transmission is successful if the packet sent by the sensor
reaches the controller and is recognized by it, and fails if
the packet is lost.

A =
[

1 1
0 1

]
B =

[
0.2
0.7

]

C =
[

1 0
0 1

]
Rw =

[
1 0
0 1

]
TABLE I: State space matrices for NCS1 and NCS2

Given these failures, there is a need to compute an estima-
tion of the state, x̂(k). Defining δs as the set of instants when
the communication between the sensor and the controller was
successful (no failures):

x̂(k+1) =

{
Ax(k)+Bu(k) k ∈ δs

Ax̂(k)+Bu(k) k /∈ δs
(2)

For this process, the following control law was considered,
using the estimated state x̂:

u =−Kx̂ (3)

where K ∈Rn×Rm is the optimal gain matrix such that (3)
minimizes the quadratic cost function:

J(u) = E[
∞

∑
k=1

x̂(k)T Qx̂(k)+u(k)T Ru(k)] (4)

where Q = Im×m and R = In×n for the discrete-time state-
space model in (2).

Subtracting (2) with (1), one can obtain the expression for
the estimation error e(k) = x̂− x:

e(k+1) =

{
−w(k) k ∈ δs

Ae(k)−w(k) k /∈ δs
(5)

To conclude, for an NCS with only one loop, the estima-
tion error evolves as:

e(k+1) =

{
−w(k) with probability 1− p
Ae(k)−w(k) with probability p

(6)

In equation (1), we have a linear system driven by Gaus-
sian white noise, and the optimal gain matrix K is obtained
by minimizing the expectation of a quadratic cost criterion
J(u). Then, we have a Linear-Quadratic-Gaussian (LQG)
control problem. In this paper, we apply feedback control



using the Certainty Equivalence Principle, which states
that the optimal control strategy in the case of incomplete
information results from the optimal control strategy in the
case of complete information through replacing of variables
by its estimate [26], in this case, replacing the state x(k) by
the estimated state x̂(k). We can then assume that, the lower
the estimation error (5) is, the better the control performance
of the system will be.

B. NCS with One Agent and Three Channels

In the situation where the NCS has more than one com-
munication channel (see Figure 1), there is the possibility of
redundant transmission [1] in order to increase the probabil-
ity of success in the transmission. However, this increases the
usage of the medium, which can be defined as the percentage
of channels used at each time instant.

Considering n independent channels, the estimation error
equations for NCS1 are:

e(k+1) =


−w(k) with probability 1−

n

∏
i=1

pi

Ae(k)−w(k) with probability
n

∏
i=1

pi

(7)

where pi represents the probability of package transmission
failure for each one of the n independent channels.

C. NCS with Two Agents and Three Channels

NCS2 (Figure 2) introduces a new problem, the competi-
tion for the communication resources. When one considers
several agents sharing communication channels, the usage of
the medium is a critical indicator, as there is the possibility
of a single process taking over all the channels, and the other
processes become unstable due to the lack of communication
feedback.

There are two main goals that the protocols generated for
this NCS should achieve: to guarantee the stability of the
multiple loops and to obtain a good relation between control
distortion (estimation error) and the usage of the medium
(communication cost). Thus, the search for protocols aims
to find the optimal minimum tradeoff between the distortion
rate and the communication costs, but it has to be assured that
the agents use the communication resources with the same
frequency. This introduces an optimization problem, which
in this paper will be approached with Q-learning algorithms
with neural networks [21] and linear parametrization [25]
approximations.

III. METHODOLOGY

A. Cost Function

Mathematically, the cost function was defined as the
weighted sum between the temporal mean of the quadratic
estimation error (or mean squared error) rerr and the
temporal mean of the usage of the medium rcom [3]. Given
an initial state s0 and a protocol π , the cost function Jπ(s0)
can be defined as:

Jπ(s0) = α · rπ
err(s0)+β · rπ

com(s0) (8)

where α ∈ [0,1], β ∈ [0,1], α + β = 1, are weight factors
that determine the magnitude of the effect of rπ

err and rπ
com

in the cost function Jπ(s0).
For each instant k, e(k) is the estimation error and v(k)

is the number of channels used. So, rπ
err and rπ

com can be
defined as:

rπ
err(s0) = Eπ

s0
[

∞

∑
k=0

e(k)′e(k)γk]

rπ
com(s0) = Eπ

s0
[

∞

∑
k=0

v(k)γk]

(9)

where γ ∈ [0,1] is a discount factor and Eπ
s0

denotes the
expected value given a protocol π and an initial state s0.
In equation (8) is established the dependence between the
choice of a protocol and the values of the future cost.

According to the Bellman equation [20], the minimal cost
function can be given by:

J∗(s) = min
a

E{c(s,a)+ γJ∗(s′|s,a)} (10)

where c(s,a) is the weighted immediate cost for each state:

c(s,a) = α · ||e(s)||2 +β · v(a) (11)

The expression (10) shows that the minimal cost J∗

in a given state s can be obtained choosing an action a
which minimizes the expected value of the sum between the
immediate cost c(s,a) and the future cost J∗(s′|s,a), where
s′ is the state we get, considering that the action a was taken
in state s, weighted by a discount factor γ .

A numerical solution for (10) is impracticable when there
is a big number of possible states and actions [20] (problem
known by the Curse of dimensionality). To avoid this prob-
lem, the minimal cost function J∗ has to be approximated in
different ways.

Q-learning can be used to approximate the cost function
and provide suboptimal protocols. It is based on an alter-
native approach to the Bellman Equation using an expected
cost function Q(s,a):

Q(s,a) = E{c(s,a)+ γ min
a

Q(s′|s,a)} (12)

Equation (12) states that, given a state s and an action a,
it is possible to obtain the minimum possible cost Q(s,a)
if, from state s′, the action chosen is the one that minimizes
Q(s′,a). The action-value function Q returns the minimum
cost for an action a given a state s. Then, in order to find
the optimal policy given a determined state, one minimizes
(12):

π(s) = argmin
a

Q∗(s,a) (13)

where Q∗(s,a) is the optimal Q function and π(s) is the
optimal protocol for state s.

An iterative way to compute Q∗(s,a) is:

Qk+1(s,a) = E{c(s,a)+ γ min
a′

Qk(s′,a′|s,a)} (14)



where limk→∞ Qk(s,a) = Q∗(s,a).
In order to compute (14), were used two different ap-

proximations, neural networks (based in [21]) and linear
parametrization (based in [25]). Using these techniques, one
parametrizes Qk(s,a) ≈ Q(s,a,θk). In order to find Q∗, one
has to adjust, at every iteration, the parameters θ , taking into
account the cost function (8). In a neural network this is done
by updating the synaptic weights during the training stage,
and in the linear method one updates at every iteration the
weights for each features vector ψ(s).

For both approximations, in order to update the parameters
θ at every iteration, the optimal Q value Q∗ and the Q value
computed at the iteration in question Qk are compared using
the loss function L. Substituting Q∗ by the approximated
target Q̂(s,a, θ̂) = c(s,a)+γ mina′ Q̂(s′,a′, θ̂), the function L
is given by:

L = (Q̂(s,a, θ̂)−Qk(s,a))2

= (Q̂(s,a, θ̂)−Q(s,a,θk))
2 (15)

The parameters θ are trained by minimizing the loss func-
tion (15), and θ̂ are obtained from the previous iterations.
The target network parameters θ̂ are only updated with
the Q-network parameters (θ ) every C steps and are held
fixed between individual updates for the neural networks
approximation (see section III-E.1), while for the linear
parametrization approximation they are updated at every
iteration (see section III-E.2).

B. State

The state to be considered is extremely connected to the
formulation of the problem, and provides useful information
about the environment, both for NCS1 (Figure 1) and NCS2
(Figure 2):

State NCS1


ek[0] first component of the estimation

error
ek[1] second component of the

estimation error

State NCS2



ei
k[0] first component of the estimation

error of the ith agent
ei

k[1] second component of the estimation
error of the ith agent

Cok collision buffer

In NCS1 the agent has access to its estimation error, and
in NCS2 each agent has access to its estimation error (but
not the other agents error), and to the collision buffer, which
is a variable that indicates the number of collisions on the
third channel from the ten previous iterations of the system

C. Actions

As explained in section I, for NCS1 the action a is the
number of channels used by the agent at each iteration,
while for NCS2 the action a is the probability of each agent
transmitting on the shared channel at each iteration.

Action NCS1

{
n Number of channels used,1≤ n≤ 3

Action NCS2

{
p Probability of transmitting in shared

channel 3, 0≤ p≤ 0.5

In NCS2, the maximum probability of each agent trans-
mitting in the shared channel is 0.5. Values bigger than this
would cause a lot of collisions, which would increase the
estimation error of both agents, and so, the instability of
the system. Also, the action space was discretized, so that
p ∈ {0,0.1,0.2,0.3,0.4,0.5}. This way, the action size is
smaller, in this case equal to six, which will positively affect
the performance of the learning algorithms.

D. Cost

For both NCSs, the instantaneous cost c is a weighted sum
between the estimation error and the number of channels
used1.

Cost NCS1

{
ck = α[(ek[0])2 +(ek[1])2]+βvk

Cost NCS2

{
ck = α[(e1

k [0])
2 +(e1

k [1])
2 +(e2

k [0])
2 +(e2

k [1])
2]+β (v1

k + v2
k)

For NCS1, the cost includes both components of the esti-
mation error vector of the agent and the number of channels it
uses. As for NCS2, the cost includes both components of the
estimation error vector of the two agents, and the channels
they use at each iteration. Note that in both cases the error is
squared so that the cost function (function to be minimized)
is always positive.

E. Q-learning Algorithms

Given that we applied two function approximation meth-
ods (neural networks and linear parametrization) to each one
of the two networked control systems (NCS1 and NCS2), we
have four algorithms.

1) Q-learning with Neural Networks: These algorithms
are based on [21] and have the end goal to train Q(s,a) in
order to converge to Q∗(s,a).

In order to solve the problem of having correlations in
the sequence of observations, is used a mechanism called
experience replay, that uses a random sample of prior actions
instead of the most recent action to proceed. In practice,
this is applied by using a memory bank D that stores the
state transitions, the past actions and the corresponding
rewards. This bank retrieves elements randomly to update
the parameters θ using loss function L (15). Iterative update
adjusts Q towards target values that are only periodically
updated (at every C steps), which also allows to reduce
correlations with the target.

Another particularity of the algorithm in [21] is that
with uses two neural networks: one with weights θ , that
are updated at every iteration, and other one with ”frozen”
weights θ̂ , that are updated every C steps. The target (line

1Algorithms of section III-E.1 were built in a way that the agent tries to
maximize the reward. As, in this case, maximizing the reward is the same
as minimizing the cost, the reward was chosen as the opposite of the cost.
So, for both NCSs, rk =−ck .



12 of algorithm 1) is computed at every iteration using the
frozen weights θ̂

Algorithm 1 Q-learning with neural networks for NCS1

1: Initialize replay memory D to capacity N
2: Initialize action-value function Q with random weights θ0
3: Initialize target action-value function Q̂ with random weights

θ̂ = θ0
4: for episode=1,M do
5: Initialize the initial state s1
6: for k=1,K do
7: With probability ε select a random action ak
8: otherwise select ak = argmaxa Q(sk,a,θk)
9: Execute action ak in system and observe reward rk and

next state sk+1
10: Store transition (sk,ak,rk,sk+1) in D
11: Sample random minibatch of transitions (s j,a j,r j,s j+1)

from D
12: Set Q̂ j = r j + γ maxa′ Q̂(s j+1,a′, θ̂)
13: Perform a gradient descent step on L = (Q̂ j −

Q(s j,a j,θk))
2 with respect to the network parameters θk

14: Every C steps set θ̂ = θk

It is used a ε − greedy exploration - with probability ε

choose a random action, otherwise go with the greedy action
with the highest Q-value. As implemented in [21], the ε

decreases iteratively from 1 to 0.1.
The minibatch stores randomly sampled elements of the

memory bank D, and has a determined batch size. At each
iteration, instead of doing an online gradient descent step
on the loss function L, for only one element, the algorithm
performs a batch gradient descent using all elements of the
minibatch.

Algorithm 2 Q-learning with neural networks for NCS2

1: Initialize replay memory D1, D2 to capacity N
2: Initialize action-value functions Q1, Q2 with random weights

θ 1
0 ,θ

2
0

3: for episode=1,M do
4: Initialize the initial state s1

1, s2
1

5: for k=1,K do
6: With probability ε1, ε2 select random actions a1

k , a2
k

7: otherwise select a1
k = argmaxa Q1(s1

k ,a,θ
1
k ), a2

k =
argmaxa Q2(s2

k ,a,θ
2
k )

8: Execute actions a1
k , a2

k in system and observe reward rk
and next state s1

k+1, s2
k+1

9: Store transition (s1
k ,a

1
k ,r

1
k ,s

1
k+1), (s2

k ,a
2
k ,r

2
k ,s

2
k+1) in D1,

D2
10: Sample random minibatch of transitions (s1

j ,a
1
j ,r

1
j ,s

1
j+1)

from D1
11: Set Q1

j = r1
j + γ maxa′ Q2(s1

j+1,a
′,θ 2

k )

12: Perform a gradient descent step on L1 = (Q1
j −

Q1(s1
j ,a

1
j ,θ

1
k ))

2 with respect to the network parameters θ 1
k

13: Sample random minibatch of transitions (s2
j ,a

2
j ,r

2
j ,s

2
j+1)

from D2
14: Set Q2

j = r2
j + γ maxa′ Q1(s2

j+1,a
′,θ 1

k )

15: Perform a gradient descent step on L2 = (Q2
j −

Q2(s2
j ,a

2
j ,θ

2
k ))

2 with respect to the network parameters θ 2
k

16: Every C1 steps set θ 1
k = θ 2

k
17: Every C2 steps set θ 2

k = θ 1
k

There is one main difference between algorithms 1 and
2. In algorithm 1, there are two neural networks: one with
weights θ that are updated at every iteration, and other
with weights θ̂ that are updated every C steps (θ̂ = θ ).
In algorithm 2, instead of having networks with ”frozen”
weights θ̂1 and θ̂2, that are updated every C steps by the
weights of the networks of each agent, θ1 and θ2, respectively
(as used in the original DQN algorithm in [21] and in
algorithm 1), we update the weights of each agent’s network
with the weights of the other agent’s network. In order to
refresh the neural networks and reduce correlation, at every
C1 steps, θ1 = θ2, and at every C2 steps, θ2 = θ1. Note that
both operations may never occur at the same time step, as
one of the networks would not be refreshed, so C1 and C2
must be chosen in order that this problem never happens.

For NCS2, as the two systems to control are identical and
are affected by white noise with similar distribution N ∼
(0,1), is expected that the agents have similar transmission
rates, so that none of them monopolizes the communica-
tion resources. Updating, in algorithm 2, the weights of
an agent’s neural network with the weights of the other
agent’s neural network helps both agents learning the same
protocol, as function 15 aims to minimize the difference
between both agents Q values. Also, we avoided creating
two more ”frozen” neural networks to update each agent’s
neural network, like is used in [21] and in algorithm 1.

2) Q-learning with Linear Parametrization: These algo-
rithms are based on [25]. Again, they have the end goal to
train Q(s,a) in order to converge to Q∗(s,a).

There is a features vector for every action (the action size
for NCS1 is three) and each features vector contains a lot of
information about the state. Given that the cost function is
quadratic, it was assumed that the optimal Q-function also
was, and so the features for algorithm 3 were chosen:

ψ(s,ai) = [(e1)
2,(e2)

2,e1 · e2,e1,e2,1]T (16)

Each vector has 6 features, and the remaining values are
zero. This way the Q-value computed at every iteration for
each action is calculated taking only into account the values
of the parameter vector θ corresponding to each action, given
that the Q-value is the dot product between the parameter
vector and the feature vector of the action : Q(s,ai,θk) =
θ T

k ·ψ(s,ai), i = 1,2,3. It is used a ε-greedy exploration
policy similar to algorithms 1 and 2.

Algorithm 4 is similar to algorithm 3, with the main
difference that is applied to two agents instead of one. With
this in mind, we changed the features vector ψ . So, for each
agent, the non-zero indexes of the features vector for each
action are in (17).

ψ
n(s,ai) = [(en

1)
2,(en

2)
2,en

1 · e
n
2,e

n
1,e

n
2,Co,1]T (17)

where n= 1,2 represent agent 1 and agent 2, en
1 and en

2 are the
estimation error vector for each agent and Co is the collision
buffer.

The action size is 6, and every action has 7 features, so
the size d of the parameter vector θ i is equal to 42. Given



Algorithm 3 Q-learning with linear parametrization for
NCS1

1: Initialize the initial state s0
2: Initialize θ0,ζ0 ∈ IRd, Â0 ∈ IRd×d

3: for k=0,K do
4: if k=0 then
5: Update ψ(s0,ai), i = 1,2,3
6: Set Q(s0,ai,θ0) = θ T

0 ·ψ(s0,ai) i = 1,2,3
7: With probability ε select a random action a0
8: Otherwise set a0 = argmina Q(s0,a,θ0)
9: Set Q0 = Q(s0,a0,θ0), ψ0 = ψ(s0,a0)

10: Execute action ak in system and observe immediate cost ck
and next state sk+1

11: Update ψ(sk+1,ai), i = 1,2,3
12: Set Q(sk+1,ai,θk+1) = θ T

k+1 ·ψ(sk+1,ai) i = 1,2,3
13: With probability ε select a random action ak+1
14: Otherwise set ak+1 = argmina Q(sk+1,a,θk+1)
15: Set φk+1 = argmina Q(sk+1,a,θk+1)
16: Set Qk+1 = Q(sk+1,ak+1,θk+1), ψk+1 =

ψ(sk+1,ak+1), φk+1 = argmina Qk+1(sk+1,a,θk+1),
Q′k+1 = Q(sk+1,φk+1,θk+1), ψ ′k+1 = ψ(sk+1,φk+1)

17: Set dk+1 = ck +β ·Q′k+1−Qk
18: Compute the matrix Ak+1 = ζk[β ·ψ ′k+1−ψk]

T

19: Set Âk+1 = Âk + γk+1[Ak+1− Âk]
20: Compute the Moore-Penrose pseudo-inverse Ât

k+1 =

[k−1I + ÂT
k+1Âk+1]

−1ÂT
k+1

21: Update the parameter vector θk+1 = θk−αk+1Ât
k+1ζkdk+1

22: Update the eligibility vector ζk+1 = λβζk +ψk+1

the enormous size of d, the Moore-Penrose technique used
in algorithms 3 and 4 was not enough to reduce the variance
resultant from the matrix inversion needed at each step for
algorithm 4, so it was needed to use a variance reduction
technique, more specifically the Control Variates technique
[27].

IV. RESULTS

The results obtained by the Q-learning algorithms with
neural networks (section III-E.1) were extracted from valida-
tion simulations. Firstly, the system is trained and the neural
networks weights are updated. After training, the weights are
frozen, and the actions taken on validation are generated by
the protocol in question, there is no random action.

In table II are the parameters used in training and vali-
dation. For the Q-learning algorithms with neural networks,
the training has 50 simulation windows, each one with 2000
iterations, which results in a training set of size 100000
iterations. The validation also has 50 simulation windows,
each one with 2000 iterations, so the dimension of the
validation set is also 100000 iterations.

M (number of simulation windows) 50
K (size of the simulation windows) 2000

Interval of values of α and β [0,1]
Probability of transmission failure (per channel) 30%

TABLE II: Parameters used in training and validation of the
algorithms from section III-E.1

The Q-learning algorithms with linear parametrization
(section III-E.2) are not separated into training and validation

Algorithm 4 Q-learning with linear parametrization for
NCS2

1: Initialize the initial states s1
0,s2

0
2: Initialize θ 1

0 ,θ
2
0 ,ζ

1
0 ,ζ

2
0 ∈ IRd, Â1

0, Â
2
0 ∈ IRd×d

3: for k=0,K do
4: if k=0 then
5: Update ψ1(s1

0,a
i),ψ2(s2

0,a
i), i = 1,2,3,4,5,6

6: Set Q1(s1
0,a

i,θ 1
0 ) = (θ 1

0 )
T ·ψ1(s1

0,a
i), Q2(s2

0,a
i,θ 2

0 ) =
(θ 2

0 )
T ·ψ2(s2

0,a
i) i = 1,2,3,4,5,6

7: With probability ε1,ε2 select random actions a1
0,a

2
0

8: Otherwise set a1
0 = argmina Q1(s1

0,a), a2
0 =

argmina Q2(s2
0,a)

9: Set Q1
0 = Q1(s1

0,a
1
0,θ

1
0 ), Q2

0 = Q2(s2
0,a

2
0,θ

2
0 ), ψ1

0 =
ψ1(s1

0,a
1
0), ψ2

0 = ψ2(s2
0,a

2
0)

10: Execute actions a1
k ,a

2
k in system and observe immediate

cost ck and next state s1
k+1,s

2
k+1

11: Update ψ1(s1
k+1,a

i), ψ2(s2
k+1,a

i), i = 1,2,3,4,5,6
12: Set Q1(s1

k+1,a
i,θ 1

k+1) = (θ 1
k+1)

T · ψ1(s1
k+1,a

i),
Q2(s2

k+1,a
i,θ 2

k+1) = (θ 2
k+1)

T · ψ2(s2
k+1,a

i), i =
1,2,3,4,5,6

13: With probability ε1,ε2 select random actions a1
k+1,a

2
k+1

14: Otherwise set a1
k+1 = argmina Q1(s1

k+1,a,θ
1
k+1), a2

k+1 =

argmina Q2(s2
k+1,a,θ

2
k+1)

15: Set φ 1
k+1 = argmina Q1(s1

k+1,a,θ
1
k+1), φ 2

k+1 =

argmina Q2(s2
k+1,a,θ

2
k+1)

16: Set Q1
k+1 = Q1(s1

k+1,a
1
k+1,θ

1
k+1), ψ1

k+1 =

ψ1(s1
k+1,a

1
k+1), φ 1

k+1 = argmina Q1
k+1(s

1
k+1,a,θ

1
k+1),

Q1
k+1 = Q

′1(s1
k+1,φ

1
k+1,θ

1
k+1), ψ

′1
k+1 = ψ1(s1

k+1,φ
1
k+1)

17: Set Q2
k+1 = Q2(s2

k+1,a
2
k+1,θ

2
k+1), ψ2

k+1 =

ψ2(s2
k+1,a

2
k+1), φ 2

k+1 = argmina Q2
k+1(s

2
k+1,a,θ

2
k+1),

Q2
k+1 = Q

′2(s2
k+1,φ

2
k+1,θ

2
k+1), ψ

′2
k+1 = ψ2(s2

k+1,φ
2
k+1)

18: Set d1
k+1 = ck +β ·Q′1k+1−Q1

k , d2
k+1 = ck +β ·Q′2k+1−Q2

k
19: Compute the matrices A1

k+1 = ζ 1
k [β ·ψ

′1
k+1−ψ1

k ]
T , A2

k+1 =

ζ 2
k [β ·ψ

′2
k+1−ψ2

k ]
T

20: Set Â1
k+1 = Â1

k +γk+1[A1
k+1−Âk

1
], Â2

k+1 = Â2
k +γk+1[A2

k+1−
Â2

k ]

21: Compute the Moore-Penrose pseudo-inverses Ât,1
k+1 =

[k−1I + Â1T

k+1Â1
k+1]

−1Â1T

k+1, Ât,2
k+1 = [k−1I + Â2T

k+1Â2
k+1]

−1Â2T

k+1
22: Update the parameter vectors θ 1

k+1 = θ 1
k −

αk+1Ât,1
k+1ζ 1

k d1
k+1, θ 2

k+1 = θ 2
k −αk+1Ât,2

k+1ζ 2
k d2

k+1
23: Update the eligibility vectors ζ 1

k+1 = λβζ 1
k +ψ1

k+1, ζ 2
k+1 =

λβζ 2
k +ψ2

k+1

cycles. Instead, there is only one simulation window for the
learning process. The results will be extracted from half of
the cycle till the end of it, given that, by the beginning of that
period, the learning process is practically finished and there
is little variation between the actions taken by the protocol.
In table III are the parameters used.

The data extracted from the simulations include the aver-
age of the quadratic estimation error (mean squared error)
and the usage of the medium, both essential to understand
the efficiency of the protocols generated. The state-space
matrices used for NCS1 and NCS2 are in table I.



K (size of the simulation window) 400000
Interval from where results are extracted for alg. 3 [200000,400000]
Interval from where results are extracted for alg. 4 [250000,500000]

Interval of values of α and β [0,1]
Probability of transmission failure (per channel) 30%

TABLE III: Parameters of the algorithms from section III-E.2

A. Results for NCS1

The quality of a protocol is evaluated by the relation
between the estimation error and the cost of communication.
In order to evaluate the protocols generated, are proposed
some trivial protocols. Comparing these protocols with the
”Q protocols” generated by algorithms 1 and 2, one can have
an idea if there was, or not, a good training. The following
trivial protocols were proposed:
• Protocol 1 - Use only one channel;
• Protocol 2 - Use all channels available;
• Protocol 3 - Use the channels available in a random

manner
Protocol 1 transmits every time in only one channel,

protocol 2 transmits every time the same packet in the three
channels available, and protocol 3 chooses to transmit in one,
two or three channels at each iteration, following a uniform
distribution.

1) Q-learning with Neural Networks: Table IV shows the
comparison between the trivial protocols and a Q protocol
generated by algorithm 1 with α = 0.8,β = 0.2.

Trivial Protocols
Protocols Protocol 1 Protocol 2 Protocol 3 Q Protocol
UM (%) 33,3% 100% 66,7 % 98,3%

MSE 4.1892 2.0894 2.5856 2.1172

TABLE IV: Comparison between the trivial protocols and
the Q protocol generated by algorithm 1 (α = 0.8,β = 0.2)

Note that ”UM (%)” is the usage of the medium by the
agent, and MSE stands for mean squared error, which is
the average of the sum of the components of the estimation
error vector squared, ek[0]2 + ek[1]2, in the validation set.

By varying α ∈ [0,1] and β ∈ [0,1], were obtained several
protocols, with different usage of the medium values and,
consequently, different mean squared error values. These
protocols create a function of suboptimal protocols, that
correlate the estimation error and the communication cost in
different ways. For α = {0,0.1,0.2, ...,1}, we ran algorithm
1 to compute the Q protocols. The Q protocols obtained are
shown in Figure 3.

Figure 3a shows the channels chosen by the protocols as
a function of α . The function is similar to a ”step function”,
given that some protocols always chose the same amount of
channels to transmit for different values of α .

Figure 3b illustrates the MSE-UM relation for the Q
protocols computed. It is clear that the function drawn by the
Pareto frontier has a equal or better MSE-UM relation than
the trivial protocols. Also, from Figure 3 it is observable that
the main goal was achieved. The number of channels used

(a) Channels used as a function
of the weight α

(b) Pareto frontier for the Q
protocols as a function of the
quadratic error

Fig. 3: Q protocols obtained by algorithm 1

increases from 1 to 3 as α increases, and the mean squared
error decreases as the number of channels used increases.
Given these results, we believe that the training was well
performed.

2) Q-learning with Linear Parametrization: Table V
shows the comparison between the trivial protocols and a
Q protocol generated by algorithm 3, also with α = 0.8,β =
0.2.

Trivial Protocols
Protocols Protocol 1 Protocol 2 Protocol 3 Q Protocol
UM(%) 33,3% 100% 66,7 % 62%

MSE 4.1892 2.0894 2.5856 2.2107

TABLE V: Comparison between the trivial protocols and the
Q protocol generated by algorithm 3 (α = 0.8,β = 0.2)

Changing the weights α and β of cost function (11),
one obtains several suboptimal protocols that correlate the
estimation error and the number of channels chosen by the
agent.

(a) Channels used as a function
of the weight α

(b) Pareto frontier for the Q
protocols obtained as a function
of the quadratic error

Fig. 4: Q protocols obtained by algorithm 3

Figure 4a shows us that the number of channels chosen
by the protocols increases in a linear way as α increases.
Every protocol has a different behavior for different values
of α .

We can see again the linear behavior of the function
in Figure 4b. Differently from the protocols generated by
algorithm 1, the ones computed by algorithm 3 have a greater
variance in the channels chosen in the simulation, resulting
in a smoother MQEE-UM relation. Again, the protocols
generated have a equal or better performance than the trivial
protocols.



Despite the differences in the behavior of the protocols
generated by algorithms 1 and 3, both achieved the main
goal of increasing the number of channels used from the
minimum to the maximum as α increased, thus reducing
the mean squared error to its minimum, using the redundant
transmission property.

B. Results for NCS2

Similarly to section IV-A, the protocols generated for
NCS2 are mainly evaluated by the relation between the
estimation error of the agents and the cost of communication,
proportional to the usage of the medium. Thus, to evaluate
the Q protocols computed, are proposed some trivial proto-
cols:
• Protocol 1 - Transmitting without using the third chan-

nel;
• Protocol 2 - Transmitting in the third channel with

probabilities p1 = p2 = 0.9;
• Protocol 3 - Transmitting in the third channel with

probabilities p1 = p2 = 0.5
1) Q-learning with Neural Networks: Table VI shows the

comparison between the trivial protocols and the Q protocol
generated by algorithm 2 with α = 0.6 and β = 0.4.

Trivial Protocols
Protocols Protocol 1 Protocol 2 Protocol 3 Q Protocol
UM(%) 50% 95% 75% ≈ 64.5%
MQEE 5.2471 5.0390 4.7028 4.7736
Cl(%) 0% 80.913% 24.814% 8.442 %

NTR1(%) 30.184% 28.280% 24.888% 25.612%
NTR2(%) 30.155% 28.197% 24.922% 26.034%

TABLE VI: Comparison between the trivial protocols and
the Q protocol generated by algorithm 2 (α = 0.6,β = 0.4)

Note that ”UM (%)” is the usage of the medium by each
agent, and MSE stands for mean squared error, which is
the average, for all validation simulations, of the sum of the
components of the estimation error vector of both agents
squared, [(e1

k [0])
2 +(e1

k [1])
2 +(e2

k [0])
2 +(e2

k [1])
2], Cl(%) is

the percentage of packet collisions in the shared channel,
and NTR1(%) and NTR2(%) are the no transmission
rates (mean percentage of iterations when the agent cannot
transmit the packet) of agents 1 and 2, respectively.

By varying the weights α and β of the cost function
(11) before the training of algorithm 2, we can obtain
several protocols that act differently as the context where
the NCS is inserted changes. For α = {0,0.1,0.2, ...,1}, we
ran algorithm 2 and computed the Q protocols. The protocols
obtained are shown in Figure 5.

Figure 5a shows the increase of the channels used by both
agents as α increases. The protocols generated vary from a
minimum of having probabilities p1 = p2 = 0 of transmitting
in the shared channels by both agents, to a maximum of
having probabilities p1 = p2 = 0.5, as α increases from 0 to
1.

Figure 5b illustrates the MSE-UM relation for the Q
protocols computed. The functions drawn by the Pareto
frontier are almost coincidental, as the probabilities p1 and

(a) Channels used by both
agents as a function of the
weight α

(b) Pareto frontier for the Q
protocols obtained as a function
of the MSE for both agents

Fig. 5: Q protocols obtained by algorithm 2

p2 are almost the same for every protocol. As expected,
the increase of the probabilities of transmitting in the third
channel causes the decrease of the mean squared error to its
minimum.

Another important remark is that the Q protocols generated
by algorithm 2 have a similar behavior than protocols 1 and
3 (extreme cases), and have a better MSE-UM relation than
intermediate protocol 2.

C. Q-Learning with Linear Parametrization

Table VII shows the comparison between the trivial pro-
tocols and a Q protocol generated by algorithm 4, also with
α = 0.6,β = 0.4.

Trivial Protocols
Protocols Protocol 1 Protocol 2 Protocol 3 Q Protocol
UM (%) 50% 95% 75% ≈ 60%

MSE 5.2471 5.0390 4.7028 4.8668
Co (%) 0% 80.913% 24.814% 4.095%

NTR1(%) 30.184% 28.280% 24.888% 26.818%
NTR2 (%) 30.155% 28.197% 24.922% 26.775%

TABLE VII: Comparison between the trivial protocols and
the Q protocol generated by algorithm 4 (α = 0.6,β = 0.4)

Changing the weights α and β , one obtains several subop-
timal protocols that correlate the mean squared error and the
number of channels chosen by the agent. The Q protocols
obtained are in Figure 6.

(a) Channels used by both
agents as a function of the
weight α

(b) Pareto frontier for the Q
protocols obtained as a function
of the MSE for both agents

Fig. 6: Q protocols obtained by algorithm 4

Analyzing the results for algorithm 4, it can be concluded
that the Q-learning approximation with linear parametriza-
tion of algorithm 4 was not able to fully obtain the desired
results, given that none of the protocols generated were able
to minimize the mean squared error when α→ 1. Observing



Figure 6, we can see that the channels used by both agents
increase as α increases. However, it is also observed that,
for the extreme case α = 1,β = 0, the algorithm cannot
produce a protocol that makes the agents transmit in the
shared channel with probabilities equal to 0.5, achieving a
maximum of only approximately 0.25, thus not achieving the
minimum mean squared error desired.

Other negative aspect regarding the results of this linear
parametrization approximation is that, in comparison to the
results of the neural networks approximation of algorithm
2, the protocols generated by algorithm 4 could not achieve
such a good cooperation between the agents.

As the set of features used (17) was not efficient in
approximating the Q function, we tried to use different sets
of features. Given that the cost function associated with
this system is always positive, it was assumed that the
approximated Q function Q(s,a,θ) would be always positive,
thus were applied the features in (18), that only have non-
negative values.

ψ
n(s,ai) = [(en

1)
2,(en

2)
2,(en

1− en
2)

2,(en
1−1)2,(en

2−1)2,Co,1]T (18)

However, the algorithm with the features (18) did not
converge. Other hypothesis was that the value function had
factors powered to 4, instead of being only quadratic, thus
the features in equation (19) were applied to algorithm 4.
However, the algorithm also diverged.

ψ
n(s,ai) = [(en

1)
4,(en

2)
4,(en

1)
2,(en

2)
2,(en

1− en
2)

2,(en
1−1)2,(en

2−1)2,1]T

(19)

V. CONCLUSIONS

This paper has studied the design of adaptive communica-
tion protocols for two different NCS architectures: NCS with
one agent, and NCS with two agents sharing the communica-
tion medium. We used Q-learning algorithms with function
approximation techniques based in [21] and [25]. We showed
that these techniques can handle large state and action spaces,
and may be used to find protocols that optimize the distortion
rate - communication cost tradeoff in NCS, with equal or
better performance than the trivial protocols proposed, with
the advantage that the protocols obtained by our approach are
adaptive to the context of the NCS. Given that the Q-learning
algorithm based in [21] obtained the best results for NCS2,
future work may include applying this algorithm to NCSs
with more complex problems (NCS with more agents sharing
the communication medium, NCS with different systems to
control, etc.).

REFERENCES

[1] A. R. Mesquita, J. P. Hespanha, and G. Nair, “Redundant data trans-
mission in control/estimation over wireless networks,” in Proceedings
of the 2009 Conference on American Control Conference, pp. 3378–
3383, IEEE Press, 2009.

[2] Y. n. Asafe, A. F. Adebayo, and B. Olalekan, Data Communication
& Networking. YEKNUA ICT & Educational Research Publication
Centre, 2015.

[3] A. R. Mesquita, “Toward a rate-distortion theory of networked control
systems,” tech. rep., Federal University of Minas Gerais, 2012.

[4] R. A. Gupta and M.-Y. Chow, Overview of Networked Control Systems,
pp. 1–23. London: Springer London, 2008.

[5] S. M. Amin and B. F. Wollenberg, “Toward a smart grid: power
delivery for the 21st century,” IEEE Power and Energy Magazine,
vol. 3, no. 5, pp. 34–41, 2005.

[6] E. Sahin and A. Winfield, “Special issue on swarm robotics,” Swarm
Intelligence, vol. 2, pp. 69–72, 12 2008.

[7] T. Shima and P. Pagilla, “Special issue on analysis and control of multi-
agent dynamic systems,” Journal of Dynamic Systems, Measurement,
and Control, 2007.

[8] W. Zhang, M. S. Branicky, and S. M. Phillips, “Stability of networked
control systems,” IEEE Control Systems, 2001.

[9] G. C. Walsh, H. Ye, and L. G. Bushnell, “Stability analysis of
networked control systems,” IEEE Transactions on Control Systems
Technology, 2002.

[10] Y. Xu, H. Su, Y.-J. Pan, Z.-G. Wu, and W. Xu, “Stability analysis
of networked control systems with round-robin scheduling and packet
dropouts,” Journal of the Franklin Institute, vol. 350, no. 8, pp. 2013–
2027, 2013.

[11] D. Tse and P. Viswanath, Fundamentals of Wireless Communication.
Cambridge University Press, 2005.

[12] D. V. Djonin and V. Krishnamurthy, “Mimo transmission control in
fading channelsa constrained markov decision process formulation
with monotone randomized policies,” IEEE Transactions on Signal
Processing, vol. 55, no. 10, pp. 5069–5083, 2007.

[13] H.-C. Yang and M. . Alouini, “Markov chains and performance
comparison of switched diversity systems,” IEEE Transactions on
Communications, vol. 52, no. 7, pp. 1113–1125, 2004.

[14] R. S. Sutton and A. G. Barto, Reinforcement Learning : An Introduc-
tion. MIT Press, 1998.

[15] S. Chettibi and S. Chikhi, “A survey of reinforcement learning based
routing protocols for mobile ad-hoc networks,” in Recent Trends
in Wireless and Mobile Networks, (Berlin, Heidelberg), pp. 1–13,
Springer Berlin Heidelberg, 2011.

[16] Z. Liu and I. Elhanany, “Rl-mac: A qos-aware reinforcement learning
based mac protocol for wireless sensor networks,” in 2006 IEEE In-
ternational Conference on Networking, Sensing and Control, pp. 768–
773, April 2006.

[17] Y. Yu, T. Wang, and S. C. Liew, “Deep-reinforcement learn-
ing multiple access for heterogeneous wireless networks,” CoRR,
vol. abs/1712.00162, 2017.

[18] X. Liam, M. Chen, Y. Xiao, I. Balasingham, and V. C.M. Leung, “Mrl-
cc: A novel cooperative communication protocol for qos provisioning
in wireless sensor networks,” Int. H. Sensor Networks, vol. 1, pp. 64–
74, 2004.

[19] A. S. Leong, A. Ramaswamy, D. E. Quevedo, H. Karl, and L. Shi,
“Deep Reinforcement Learning for Wireless Sensor Scheduling in
Cyber-Physical Systems,” ArXiv, September 2018.

[20] S. Russell and P. Norvig, Artificial Intelligence: A Modern Approach.
Upper Saddle River, NJ, USA: Prentice Hall Press, 3rd ed., 2009.

[21] V. Mnih, K. Kavukcuoglu, D. Silver, A. A. Rusu, J. Veness, M. G.
Bellemare, A. Graves, M. Riedmiller, A. K. Fidjeland, G. Ostrovski,
S. Petersen, C. Beattie, A. Sadik, I. Antonoglou, H. King, D. Kumaran,
D. Wierstra, S. Legg, and D. Hassabis, “Human-level control through
deep reinforcement learning,” Nature, 2015.

[22] Z. Zhou, X. Li, and R. N. Zare, “Optimizing chemical reactions with
deep reinforcement learning,” ACS Central Science, vol. 3, no. 12,
pp. 1337–1344, 2017.

[23] G. Zheng, F. Zhang, Z. Zheng, Y. Xiang, N. J. Yuan, X. Xie, and Z. Li,
“Drn: A deep reinforcement learning framework for news recommen-
dation,” in Proceedings of the 2018 World Wide Web Conference,
pp. 167–176, International World Wide Web Conferences Steering
Committee, 2018.

[24] H. Mao, M. Alizadeh, I. Menache, and S. Kandula, “Resource man-
agement with deep reinforcement learning,” in Proceedings of the 15th
ACM Workshop on Hot Topics in Networks, pp. 50–56, ACM, 2016.

[25] A. M. Devraj and S. P. Meyn, “Zap q-learning,” CoRR, 2017.
[26] R. Gessing, “The generalized certainty equivalence principle,” IFAC

Proceedings Volumes, vol. 11, no. 1, pp. 2175 – 2182, 1978.
[27] T. Borogovac and P. Vakili, “Control variate technique: A constructive

approach,” in 2008 Winter Simulation Conference, pp. 320–327, Dec
2008.


