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Optimizing Federated Learning With Deep
Reinforcement Learning for Digital Twin
Empowered Industrial loT

Wei Yang “, Wei Xiang

Abstract—The accelerated development of the Industrial
Internet of Things (lloT) is catalyzing the digitalization of
industrial production to achieve Industry 4.0. In this arti-
cle, we propose a novel digital twin (DT) empowered lloT
(DTEI) architecture, in which DTs capture the properties of
industrial devices for real-time processing and intelligent
decision making. To alleviate data transmission burden and
privacy leakage, we aim to optimize federated learning (FL)
to construct the DTEI model. Specifically, to cope with the
heterogeneity of lloT devices, we develop the DTEI-assisted
deep reinforcement learning method for the selection pro-
cess of lloT devices in FL, especially for selecting lloT
devices with high utility values. Furthermore, we propose
an asynchronous FL scheme to address the discrete ef-
fects caused by heterogeneous lloT devices. Experimen-
tal results show that our proposed scheme features faster
convergence and higher training accuracy compared to the
benchmark.

Index Terms—Deep reinforcement learning (DRL), digi-
tal twin (DT), federated learning (FL), Industrial Internet of
Things (lloT), learning efficiency, real time.

[. INTRODUCTION

RIVEN by the next generation of information technolo-
gies, including the Internet of Things (IoT), digital twin
(DT), 6G, etc., the Industrial Internet of Things (IloT) enables
the transformation and development of digital networks and
intelligent enterprises [1], [2]. As an emerging application,
the IIoT has brought disruptive changes and impacts to the
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traditional manufacturing industry by connecting machines, in-
telligent algorithms, and industries. In an intelligent factory,
smart devices enable real-time collection and analysis of data to
make intelligent decisions and optimize production. However,
the IIoT requires distributed intelligent services to change in
real time with the dynamic environment, which is a challenging
task due to the complexity of the industrial environment and the
heterogeneity of IIoT devices [3].

The DT concept was first proposed in [4] and then adopted
by NASA in 2011 for fault diagnosis and maintenance of flight
systems, which attracted great attention. Currently, DT has been
extended to the military, smart cities, manufacturing, and so
on [5], [6]. DT can provide feedback and reflect the bi-directional
dynamic mapping process, which provides a feasible solution to
capture the dynamic industrial environment [7]. However, DT
modeling in IIoT still faces some difficulties. First, DTs need to
be driven by massive data distributed across IIoT devices, but
given privacy, competition, and security issues, integrating data
scattered across various devices is nearly impossible. Second,
the real-time interaction between the DTs and the entity object
requires frequent communications among the devices [8].

Federated learning (FL), a new type of distributed machine
learning paradigm, has great advantages in training private and
heterogeneous data [9]. It has become an advanced paradigm for
realizing distributed training of IIoT [10]. Specifically, FL trains
amodel using local computing capability and the device data and
then aggregates the trained model parameters on the server side.
The aggregated parameters serve as the initial parameters for the
next round of local training. Because all client data is only used
for local model training, FL avoids direct data leakage to protect
client privacy and data security. Several advanced FL strategies
were designed to improve model accuracy from training effi-
ciency and privacy protection perspectives [11]-[14].

With the rapid development of IIoT, IIoT devices with wide
geographic distribution vary significantly in their forms, incur-
ring a series of problems such as the heterogeneous data and
the complex network environment. In this article, we propose a
new DT empowered IloT (DTEI) architecture, where the virtual
models of the physical objects in IIoT are constructed through
capturing the real-time status of the base stations (BSs) and
devices. Then, to improve the training model efficiency of the
IIoT device, a deep reinforcement learning (DRL) assisted FL
framework is proposed. DRL has a natural advantage in solving
high-dimensional decision-making problems. Therefore, DRL
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is used to select some high-efficiency IloT devices for aggre-
gation [15], [16]. It is also noted that the straggler effect of
heterogeneous IIoT scenarios causes serious training delays in
synchronous FL. To address these problems, we propose an
asynchronous FL framework, which is a DRL-supported device
clustering scheme. The major contributions of this article are
summarized as follows.

1) We propose a new architecture of DTEI to integrate DT
with the IIoT network, which maps a device’s real-time
operating state and behavior to a virtual space. In partic-
ular, we adopt DTEI to capture the characteristics of [IoT
devices for dynamic perception and intelligent decision.

2) We exploit the optimized FL to construct the DTEI model.
Specifically, we develop a DTEI-assisted DRL method
for IIoT device selection to improve the efficiency and
performance of FL.

3) We propose the asynchronous FL, a DRL-based algo-
rithm, to avoid the straggler effect with device selection
and clustering mechanism. Experimental results show
that our proposed scheme significantly outperforms its
benchmark counterparts.

The rest of this article is organized as follows. We discuss the
related work in Section II. Then, Section III presents the system
model and the problem formulation. Next, Section I'V introduces
our proposed DRL-assisted asynchronous FL algorithm. In Sec-
tion V, we conduct experimental evaluations. Finally, Section VI
concludes this article.

[I. RELATED WORK
A. Federated Learning for Digital Twin

Constructing a DT model requires synchronizing a massive
amount of data, but limited computing resources and commu-
nication capabilities hinder the digitization of the IloT. In addi-
tion, people’s increasing attention to data security and privacy
has also brought new challenges to DT modeling. Due to the
unique advantages of FL in terms of efficiency and security,
some authors have exploited FL to construct DT models. Lu
et al. [17] proposed the DT edge network, which utilizes FL
to construct the DT model of IIoT devices based on the op-
erating status of IIoT devices. Sun et al. [18] applied DT to
the IToT architecture, where DT reflects the dynamic properties
of the industrial device to assist FL. Lu er al. [19] proposed
the DT wireless network (DTWN) architecture, which transmits
the real-time data that is processed and calculated at the edge
servers, and the blockchain-empowered FL framework, which
runs in DTWN for cooperative computing and improves the
system’s efficiency and security. However, these works do not
consider the influence of heterogeneous devices and complex
network environments on the accuracy of the training model. We
balance data diversity and global model performance with the
DRL-supported device selection clustering algorithm to address
the heterogeneity challenge in IIoT.

B. Deep Reinforcement Learning for Industrial loT

The DRL technology has been widely used in IIoT scenar-
ios for computation offloading decision-making and dynamic

resource management due to its advantages in solving problems
with large-scale time-varying features. Dai et al. [8] formulated
the problem of stochastic computation offloading and energy
management as an optimization problem. In order to solve this
optimization problem, the authors transformed the stochastic
programming problem into a deterministic time slot problem by
exploiting the Lyapunov optimization strategy and developed an
asynchronous DRL algorithm to explore the optimal resource
allocation strategy. Guo et al. [15] proposed an FL-based DRL
algorithm to adjust the critical parameters of the IIoT system
for achieving efficient and flexible resource management. Chen
et al. [16] transformed the optimization problem of resource
allocation into a Markov decision process (MDP) to minimize
the average delay of the task and proposed a dynamic resource
management scheme based on DRL to solve the MDP problem.
In this article, we propose the DTEI-assisted DRL scheme for
the selection process of IIoT devices to improve the efficiency
and performance of FL.

IIl. SYSTEM MODEL AND PROBLEM FORMULATION
A. Digital Twin Empowered Industrial loT Model

We introduce DT in actual IIoT scenarios, such as intel-
ligent factory and intelligent transportation. For instance, in
the intelligent transportation system, DT can assist a vehicle
in perceiving vehicle status and real-time road condition in-
formation and provide users with emergency avoidance and
navigation information. The DTEI architecture is illustrated in
Fig. 1. We propose a two-layer heterogeneous network in the
IIoT, which is composed of the physical layer and the DT layer.
The physical layer consists of BSs and client devices such as
intelligent machines, vehicles, and sensors in [loT environments.
In reality, there are plenty of BSs as shown in Fig. 1, indexed
by B ={l,2,...,B}. The BS is equipped with edge servers
and DRL agents with sufficient communication, calculation, and
artificial intelligence processing capabilities. The client devices
are denoted by N = {1,2, ..., N}, which collect data from sen-
sors and applications on the device and save it locally, denoted
by D; with dimension D; = |D;|. The BSs are connected with
the IIoT devices within their coverage through wireless commu-
nications. After training the model locally, the IToT devices send
the trained local model parameters to the edge server for global
update. The DT of the client device is served by its corresponding
BS, which collects the physical status of the device in real time
and dynamically presents the current training status of the device
in digital form. In time slot ¢, the DT of device < and BS b are de-
noted by DT; (t) = {]\4z (t), fi(t), P; (t), D; (t)} and DTb(t) =
{My(t), fo(t), Py(t), Dp(t)}, respectively, where M;(t) and
M (t) refer to the current training statuses of device ¢ and BS b,
respectively. f;(¢) and f;,(¢) denote the current computing capa-
bilities of device 7 and BS b, respectively. P;(t) and P,(t) stand
for communication resources of device 7 and BS b, respectively.
And D;(t) and Dy(t) represent the data of device i and BS b,
respectively, which are processed in time slot ¢.

The proposed DTEI architecture connects I1oT devices at the
physical layer with virtual systems at the DT layer. The DTEI
can not only reflect the characteristics of physical entities in
real time but also simulate and predict the system, which plays a
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Fig. 1. Federated learning for digital twin empowered lloT.

vital role in the optimization of service quality. In this article, we
exploit DTEI to monitor the dynamic network environment to
provide assistance for the system’s intelligent decision-making.

B. Federated Learning for Digital Twin Empowered lloT

As illustrated in Fig. 1, we exploit FL to construct the DT
model in DTEI, which can respond according to the status
and rules of the actual device. The client devices collect large
amounts of running data from monitoring the environment in
real time, which are used to train local models. Then, the local
devices upload their model to the edge server, which aggregates
and updates the model parameters and returns them to the local
devices. The loss function of the error between the quantified
estimated value and the true value is denoted by I(w). The
loss function L(w;) of the client device ¢ on dataset D; can
be expressed as

L(w;)

ey

Z l(wivxj)

where X; refers to the sample point of local data D;. The global
loss function is

)

where N C N indicates that the collection of the selected N
client devices participates in FL, and w, denotes the aggregation
model parameter. The goal of FL is to minimize the following
global loss:

min L .
we]le (wg)

3

In practical applications, we need to select efficient devices for
some specific applications to construct the DTs because of the
client devices’ heterogeneity and the complex dynamic network
environment.

C. Data Utility Model

In order to select the efficient device, we first evaluate the
utility of device data. When performing FL tasks, the higher

utility of the device’s training data can result in the higher accu-
racy of the local model and the better prediction performance of
the aggregated global model. Therefore, a metric is required to
quantify the device’s potential contribution to task completion.
To quantify the contribution and utility of device data in the
task, we define the prediction accuracy of the local model as the
evaluation metric. Considering the unique characteristics of [IoT
device data in FL, we focus on three crucial factors of device
data, i.e., the data quality, the data size, and the data distribution.
Based on the experimental validation in [20], a large training
data size or high data quality usually contributes to improving
the model’s prediction performance. Let D;"** be the maximum
training data size that device ¢ can contribute to task A, and we
have 0 < D; < D}**. Here, D; = 0 indicates that device i fails
to participate in task A;. Let ¢; represent the data quality of
the training sample of device 7 in task A;, and the constraint
conditions are met

0 Device7isinvalid

q; = 0, 1]

“

otherwise

where ¢; = 1 denotes the highest data quality of device i’s
training sample; ¢; = O indicates that device 7 is “free-riding” or
malicious, which tricks BS j by providing redundant and fake
local training samples.

In terms of data distribution, it is frequently assumed that
data is independent and identically distributed (i.i.d.) in tradi-
tional centralized learning, but in FL scenarios, data is usually
non-i.i.d. The weight divergence, measured by the earth mover’s
distance (EMD) metric, is the main reason for the decrease in
FL accuracy [21]. A larger EMD value leads to a larger weight
divergence, which will have an adverse effect on the model’s
training. We consider an L-classification task, where the data
sample D; = {x;,y;} of device ¢ is distributed on X x ) and
follows the distribution [F;, in which X and ) indicate the
compact space and the label space, respectively. Here, ¢; denotes
the EMD of D;. Considering the overall distribution [F, in task
Aj, the EMD of device ¢ is defined as

¢i = |[Fi(y =b) —Fa(y

bey

Il 5
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where F;(y = b) and F,(y = b) represent the proportion of the
data sample labeled b in the local data sample of device ¢ and
the proportion of all devices involved in task A;, respectively.
According to the experimental results in [22], the local model
prediction accuracy of device ¢ in task A; is expressed as p; €
[0, 1], which is given by

Pi = M(Dmﬁh@)

=v(¢i) - ayea(eai D)

(6)

2
Here, v(¢;) = a467(a5+%) < 1,where o >0 (1 <k <6)
is the curve fitting coefficient. The first term v(¢;) reflects the
deterioration of the model performance with the increase of the
EMD ¢;. The exponential term ale’al(o‘-‘qiD")V(d)i) indicates
that the larger data size and the higher data quality contribute to

the better performance of the trained model.

D. Energy Consumption Model

In the process of FL, the client device’s energy consumption
includes the consumption of local data, the computation of local
training, and the communication of the global aggregation [23].
The energy consumption of local data arises from the deploy-
ment of smart devices and preprocessing of device data, while
data annotation and cleansing require expensive human efforts.
We denote the number of central processing unit (CPU) cycles
required for device 7 as €; to execute a unit of the data sample,
and f; indicates the CPU cycle frequency of device i. The local
data consumption C'42# is expressed as

O = Dieiq; f} @)

where D; > 0 represents the size of device 7’s local data. The
computational energy consumed by training device ¢ can be
written as

C{™P = Dig; Elm; f} (8)

where E! is the local training epoches’ number, and m; is the
model size. In order to synchronize the model parameters to the
BS, the local device shares the U uplink subchannel on the basis
of orthogonal frequency division multiple access, denoted as a
set H ={1,2,..., H}. Let B be the number of bits of model
parameters. The communication energy consumption of device
1 for model aggregation is

COm 5B
Ci - H P;i n&in
Y het TinGlog, (1 4 =ttt )

where 0 represents the normalization factor of communication
energy consumption, G is the subchannel bandwidth, T} ;, de-
notes the device 7’s time fraction allocated on subchannel u,
P; ;, indicates the device 4’s transmission power, L represents
the noise power, and £ refers to the channel power gain.

9

E. Problem Formulation

The clients’ requirements and geographic distribution of IIoT
devices are usually diverse, resulting in heterogeneous data and
uneven data quality. The main challenges of FL in the field of

IIoT are the inefficiency of data training, the high cost of wireless
communication, and the long time of model aggregation due to
data features. Hence, to enhance the efficiency and accuracy of
model aggregation, the DRL algorithm is adopted to select IIoT
devices with high utility values for training.

In order to formulate the device selection problem, we in-
troduce k' = [k!] as the indicator vector of the device selec-
tion state in time slot ¢. k! = 1 means that device 4 has been
selected/activated, while HIE = 0 indicates that it has not been
selected/activated. The total energy cost of device 7 is equal to
the sum of the costs in (7), (8), and (9), expressed as

Ci - O;ﬁiata =+ C;:mp + C’LCOm
uB (10)
a P1, hSi,h :
Zh:l Ti,hGlog2(1+ %)
We define the utility function of device ¢ in time slot ¢ as

u' (k') = wopt — (1 —w)Cit

= Die;qi f? + Dig; Elm; f7+

(11)

where w € (0, 1] is the weight coefficient that balances costs and
benefits, and o represents the adjustment parameter.

We employ the MDP M = (S, A, P, R,~) to describe the
combinatorial optimization problem of device selection, where
S denotes the state space, A indicates the action space, P is the
state transition probability, R represents the reward function, and
v € (0, 1] is the reward discount factor. The devices selection
problem is expressed as follows:

ni%x ut (kt) (12)
s.t. kb € {0,1} Vi (12a)
0 < D; < D (12b)
fim < filt) < fRe i (12¢)
Pt < pit) < pih Vi (12d)
C;(t) < Cinag Vi. (12e)

Constraint (12a) is the selection status of device 7 in time slot £.
Constraint (12b) denotes the amount of training data that device ¢
can contribute to task A ;. Constraints (12¢) and (12d) represent
the computation resource and transmission power constraints,
respectively. Constraint (12e) indicates the client’s energy con-
sumption limit, where Cipq is determined by the device power

supply.

IV. DRL FOR DEVICE SELECTION BASED ON DT
A. MDP-Based Device Selection Problem

For the sake of addressing the device selection problem in
(12), the system first constructs MDP M = (S, A, P, R,7)
and adopts the DRL scheme to explore actions. We exploit
DT to monitor the model’s training state and complex network
environment, where the system state s(t) € S is created by
the DT and transmitted to the DRL agent. Specifically, in the
workflow design of the DTEI-assisted DRL system, as shown
in Fig. 2, the agent interacts with the DT in the DRL setting, in
which the agent is the decision-maker for device selection, and
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the DT sets the restrictions, rules, and reward mechanism. In
time slot ¢, the agent selects the action x(¢) € A when perceiving
the state s(t). After performing this action, the current state is
transferred to the next state s(¢ + 1) with the consequence of
the agent obtaining the reward r(¢). The DRL aims to maximize
the expected discounted cumulative reward through searching
for the optimal strategy 7, which maps state s(t) to action x(t).
The parameters of the MDP model we defined are described as
follows.
1) State Space: In time slot ¢, the system states consist
of transmission power p(t) = {p},p, ..., pt}, available

computing resource of devices f(t) = {f{, f3,..., fI},
state of the model q(t) = {q}, ¢, ..., ¢!}, and the selec-
tion state of devices k(t — 1) = {s!™" k171 .. &l7}.
The current state s(t) € S is expressed as

s(t) ={p(t).£(t),q(t),k(t — 1)}. (13)

2) Action Space: The agent’s action is the device selection

decision in round ¢. The action x(t) € A is defined as
k(t) = (k! KL, .. KY) (14)

where x! = 1 indicates that device 7 is selected as the
device participating in the training, and x! = 0 implies
that device ¢ has not been selected during the training
process.

3) Policy: The policy m : S — A denotes the mapping
between the state space and the action space. In round
t, the executed action can be obtained through strategy
k(t) = 7(s(t)). The DT states transition based on the
device selection actions.

4) Reward: The system utilizes the reward function r to
evaluate the action. In round ¢, the agent implementing
the decision of device selecting adopts action «(¢) in state

(DQN). The new updated state contains p(t + 1), £(¢ +
1), q(t+1), k(1).
The goal of device selection is to minimize energy consump-
tion and maximize model accuracy in FL. The DRL agent aims
to maximize the cumulative reward by exploring « as follows:

T
k = argmax E [Z vr(s(t)m(t))] . (17)

t=1

B. DRL-Based Device Selection Algorithm

Currently, RL is one of the widely adopted approaches to
address dynamic programming problems [24]. The efficiency of
the traditional RL-based methods is relatively low because they
require calculating the value functions of all possible state and
action space pairs. The DRL explores policy and value functions
through deep neural networks (DNN), which is considered as
the most effective method to solve complex MDP models [25].
In our constructed MDP model, the state space and the action
space are continuous and high-dimensional. We address this
MDP problem through the deep deterministic policy gradient
(DDPG), a DRL framework based on actor-critic. The DDPG
contains the actor policy network, critic value function network,
and target network. In addition, the DDPG employs the replay
memory buffer B to store the experience transinformation, in-
cluding the system state s(t), the action (), the corresponding
reward r(s(t), k(t)), and the next state s(¢ + 1), for training the
network.

1) Actor Network: The optimal device selection action can

be provided by the actor network which takes system state s(t)
as input and action « as output. In order to generate different
actions to explore potential superior policies, random noise is
added to the decision-making mechanism as follows:
r(t) = m (s(t)|w™) +9(t) (18)

where w™ is a parameter of the actor network and J(t) is
the random noise. The actor network update adopts the policy
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Algorithm 1: DRL-Based Device Selection Algorithm.

Require: The actor network parameters w™, the critic
network parameters w®, the target actor network
parameters w™ , the target critic network parameters w<';

Ensure: Optimized neural network parameters w™ and w%;

1: Init: Initialize the network parameters w™, we,

w™ — w”, w? < w?; Initialize replay buffer B;

2: for each episode do

3: Initialize the IIoT environment setup and receive the

initial state s(1); Initial random noise ¥(¢);

4. fort=1,...,Tdo

3 Choose and execute action «(t), calculate
r(s(t), k(t)) with (15) and receive s(t + 1);
6: Store transition (s(t), (t),r(t), s(t + 1)) in B;
7: Sample M experiences (s(2), x(),r(i), s(i + 1))
from B;

8: Calculate the target value y (i) based on (24);

9: Update the actor network 7(s|w™) based on (21);
10: Update the critic network Q(s, x|w?) by (26);
11: Update the target network parameters w™ and w?

based on (27);
12: end for
13: end for

gradient descent, which is defined as

M
1
Vrd = i E [V,{Q(sh/{\wQ)|H=W(si‘ww)vww7r(si)}
i=1

19)
where M is the number of samples of experience data
(s(t), k(t),r(t),s(t + 1)).

Itis verified that the deterministic policy gradient is equivalent
to the stochastic policy gradient Vm(k|s, w™) [26]. Therefore,
the deterministic strategy gradient is shown as

vV (k]s,w™) = Er [V.Q(s, /<a|wQ)|,{:7r(5i‘ww)wa7r(s)] .
(20)
In each training iteration, a mini-batch of experiences
(s(t),k(t),r(t), s(t + 1)) from replay memory buffer B is ran-
domly sampled to update network parameters w™, in which the
update formula is

w" =w" +1n"-E[V.Q(s, /{|U}Q)|H=ﬂ(si|,ww)vww7r(si)]
2D
where 1™ is the actor network’s learning rate.

2) Critic Network: For policy 7 (s(t)|w™), we define an state—
action pair value function Q-value Q™ (s(t), x(t)|w®), which
represents the expected return of x(t) taken in s(t). Based
on the Bellman optimality equation, the value function can be
represented as

Q" (s(t), w(t)|w?)

(22
=E [T‘ (s(t), k(1)) +7Q (s(t +1),w (s(t + 1)\wQ))} .
The critic network evaluates the taken action whose results are

compared with the target value of the target network to ensure
that the training parameter w® can be updated in the correct

direction. The loss function of the critic network’s training
network parameters is defined as

Lw®) = E [(Q" (st s(0)u?) ~ v)’]

where Q7 (s(t), x(t)|w®) refers to the return value of action r (t)
and y(t) denotes the objective value generated from the target
network through

y(t)=r (s(t), ~()+9Q' (s(t + 1,7 (s(t+ Dw™ ) [w?)
(24)

(23)

where w™ and w® are the target network’s parameters.
Then the loss function’s gradient can be expressed as

VL(w®) =E [2(y — Q (s(t), 6(t)|w?)) VQ (s(t), 5(1))] -
(25)
The critic network’s training method is similar to that of the
actor network where a mini-batch of experience data is randomly
sampled from the replay memory buffer 5 to update network
parameters, in which the update formula is

w9 = w¥ + N [2 (Z/z -Q (3i7 ﬁi|wQ)) va (si, m)] (26)

where 7 is the critic network’s learning rate.

3) Target Network and Experience Replay: To improve the
robustness of network training, we introduce the target network,
Q' (s(t), k(t)|[w?") and «'(s(t)|w™ ), which are the copy net-
work of the critic network and the actor network. The parameters
of the target network are updated as follows:

w® = 1w 4+ (1 — 7)w?
w™ = 1w + (1-— T)w”’

27)

where 7 € (0, 1] constrains the change of the target value.

Our scheme exploits the replay buffer mechanism in each
training step to ensure that the training data is independently
distributed. The device selection algorithm for the DRL-assisted
FL is presented in Algorithm 1.

C. DRL-Based Asynchronous Federated Learning

Devices in the IIoT application scenario are highly heteroge-
neous, and the slowest device will limit the training speed of the
synchronous learning solution, causing the so-called straggler
effect. Therefore, we propose an asynchronous FL framework
to address this issue. The main idea is to select the optimally
participating devices, classify the devices with different utility
values by cluster, and configure the corresponding aggregator for
each cluster to realize asynchronous learning. In this case, each
cluster can be trained at different local aggregation frequencies.
In addition, we adopt Algorithm 1, based on the actor-critic DRL
framework, to select devices that participate in asynchronous FL.
Our proposed asynchronous FL framework mainly includes the
following four steps.

1) Device selection: For the sake of improving the con-
vergence rate and the model accuracy, a device with
higher utility is selected to participate in FL. within the
given communication time. In the beginning, the server
initializes the FL process through broadcasting the global
model and the initialization parameter wj,;. The server
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then selects the optimal subset of devices N; € N through
the DRL-based algorithm.

2) Device clustering: We classify devices based on the data
size and computing power by clustering algorithm K-
means [27] and then assign corresponding aggregators to
constitute the local training cluster. Hence, in the identical
cluster of the local model, the training time of the device
is similar which eliminates the straggler effect.

3) Local training: The distributed stochastic gradient de-
scent is used for local training. In round ¢, the model
w (t) is trained by the local device i on its data D; through
calculating the local gradient descent V F;; (w;_ ) accord-
ing to w;_1, as shown in (28). Then, device ¢ transmits
the updated local parameter w;(¢) to the corresponding
aggregators for aggregation

w;i(t) = w(t) — TVF;(wi_1) (28)

where 7 represents the learning rate.

4) Global aggregation: The aggregator obtains the model
trained by the local devices and performs global aggre-
gation by aggregating the local model w;(t) into the
weighted global model w(t) as follows:

i Biwi(t)

ZZN:1 Bi

where N is the number of training devices and /3; denotes
device ¢’s contribution capability factor to the global
modeliniteration ¢, which is determined by the data utility
model, and ), §; = 1.

The synchronous weighted average training strategy has its
drawbacks. For instance, it ignores the influence of differences
between training data and is prone to overfitting and other prob-
lems. Moreover, the decision-making process usually merely
considers the training accuracy without optimizing the problem
from multidimensions. The proposed asynchronous framework
with the device selection and clustering mechanism eliminates
the straggler effect, effectively avoids inefficient devices and
even malicious attacks, and improves the convergence rate
and learning quality. Although the DRL-based method requires
massive samples for training, it can improve the training effect
and maintain the practical significance through addressing the
problems like resource consumption and sample distribution.

w(t) = (29)

V. EXPERIMENTS

The evaluation of the performance of the proposed asyn-
chronous FL protocol is conducted on the MNIST dataset, which
contains 60 000 training examples and 10 000 testing exam-
ples [28]. We simulate real IIoT applications, such as intelligent
factory instrument recognition, traffic flow monitoring, robot
path exploration, etc., through learning on the image dataset. To
simulate the IIoT settings, we assume that there are 100 smart
devices in the system and consider a scenario where a single BS
is used as an aggregation server. The dataset is divided into 100
pieces, which are allocated to 100 smart devices. The convolu-
tional neural network model, which includes two convolutional
layers, two fully connected layers, and an average pooling layer,
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Fig. 3. Evaluation of the data utility function.

is utilized as the local training model. We adopt the state-of-
the-art asynchronous and synchronous FL schemes, i.e., asyn-
chronous federated stochastic gradient descent for vertically
partitioned (AFSGD-VP) [13] and communication-efficient for
federated averaging (CE-FedAvg) [14], as the baselines to eval-
uate the effect of the proposed scheme. In addition, we add two
common baselines, namely centralized training and stand-alone
training. The former is that the centralized dataset training has
the optimal model accuracy, and the latter is that the training
model on the local dataset has poor model accuracy.

We set four different EMD values ¢ =0, ¢ = 0.2, ¢ = 0.4,
and ¢ = 0.8 for evaluating the data utility function in (6).
Different EMD values can be obtained by varying the number of
labels and the data size on the local device. The larger EMD value
results in the higher data similarity, which provides low-quality
local model parameters for global aggregation, thereby reducing
the global model accuracy. Here, the data utility is measured
by the accuracy of the model prediction. Fig. 3 shows that
the data utility function in (6) can fit the experimental results
well. When ¢ =0 and ¢ = 0.8, the training model accuracy
is the highest and lowest, respectively. We refer to low-quality
devices as inefficient devices, which have low data utility, poor
communication, and computing capabilities, and an adverse
effect on global aggregation.

In order to evaluate the impact of inefficient devices on FL,
we compare the performance of the proposed schemes with
different numbers of inefficient devices under the condition of
no device selection. Among the 30 devices participating in the
training, we set up 4, 8, and 12 inefficient devices, respectively.
Figs. 4 and 5 show that the performance drops significantly with
the increase of inefficient devices. In particular, when there are
12 inefficient devices in training, the model fails to converge
due to the large proportion of inefficient devices. In addition to
low-quality data, the reason for the rapid deterioration of per-
formance is that devices with poor communication capabilities
quit in the training process. The experimental results show that
optimizing the selection of training devices plays an important
role in improving the system’s performance.

We evaluate the proposed scheme’s performance on different
numbers of training devices. To verify the developed device
selection scheme’s performance, we established three training
device groups, 30, 50, and 70, with 10 inefficient devices in
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each group. Then, the proposed device selection algorithm is
evaluated on the three groups of training devices and compared
with the first group of devices without using the device selection
algorithm. Figs. 6 and 7 show the prediction accuracy and the
loss of the training model, respectively. The experimental results
demonstrate that the scheme has excellent convergence and
accuracy. As the number of devices involved increases from 30 to
50to 70, the model’s accuracy increases slightly. This is because
a larger number of utility devices involved in the training results
in a higher quality model. The comparison result of whether
to adopt device selection or not shows that the device selection
scheme can eliminate the adverse effect of the inefficient device
on the training results.
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The proposed scheme is compared with the baseline methods,
and the accurate comparison of the resulting model is shown in
Fig. 8. The accuracy of the centralized model is the highest,
while the model accuracy of the stand-alone training methods
is the lowest. Due to the insufficient number of samples and the
single type of samples used for local training, the performance
of the local optimal solution is lower than that of the global
optimal solution. Our proposed scheme’s performance is close
to that of centralized training and better than AFSGD-VP and
CE-FedAvg. In addition, our scheme requires fewer iterations
than AFSGD-VP and CE-FedAvg to reach its optimum. How-
ever, the superior performance of concentrated training comes
at the expense of security. The asynchronous training method
AFSGD-VP ignores the influence of the inefficient device, while
the synchronous training method CE-FedAvg is affected by
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the straggler effect. Our method takes these two aspects into
consideration, resulting in a better performance. In addition,
we evaluate our proposed scheme in terms of time cost and a
comparison with the baseline scheme, as shown in Fig. 9. As
seen from the figure, our proposed scheme is superior to other
methods in the case of minimal training time. This is because
the device selection and clustering mechanism in our scheme
eliminate the straggler effect and effectively avoid inefficient
devices, through which the convergence speed and learning
quality are improved.

VI. CONCLUSION

This article proposed the DTEI architecture which employs
DTs in IIoT for real-time perception and intelligent decision-
making. We exploited FL to construct DTs model on the basis
of the operating state and the behavior of devices. With the ob-
jective of improving the model training efficiency and accuracy
of the IIoT device, we developed a DRL-assisted FL framework.
The DRL is used to select some high-efficiency IIoT devices for
aggregation. In addition, the straggler effects of heterogeneous
IIoT scenarios can be eliminated by our proposed asynchronous
FL framework. Experimental results were presented to show
that the proposed scheme performs better than the benchmark
scheme in aspects of convergence rate and training accuracy.

REFERENCES

[1] N. Zhang et al., “Physical-layer authentication for Internet of Things via
WFRFT-based gaussian tag embedding,” IEEE Internet Things J., vol. 7,
no. 9, pp. 9001-9010, Sep. 2020.

[2] Y. Qu, S. R. Pokhrel, S. Garg, L. Gao, and Y. Xiang, “A blockchained
federated learning framework for cognitive computing in industry 4.0
networks,” IEEE Trans. Ind. Informat., vol. 17, no. 4, pp. 2964-2973,
Apr. 2021.

[3] T. Wang, H. Luo, W. Jia, A. Liu, and M. Xie, “MTES: An intelligent trust
evaluation scheme in sensor-cloud-enabled industrial Internet of Things,”
IEEE Trans. Ind. Informat., vol. 16, no. 3, pp. 2054-2062, Mar. 2020.

[4] E.Glaessgen and D. Stargel, “The digital twin paradigm for future NASA
and US air force vehicles,” in Proc. 53rd AIAA/ASME/ASCE/AHS/ASC
Structures, Honolulu, HI, USA, 2012, Art. no. 1818.

[5] O. El Marai, T. Taleb, and J. Song, “Roads infrastructure digital twin:
A step toward smarter cities realization,” IEEE Netw., vol. 35, no. 2,
pp. 136-143, Mar. 2021.

[6] F.Tao, H. Zhang, A. Liu, and A. Y. Nee, “Digital twin in industry: State-
of-the-art,” IEEE Trans. Ind. Informat., vol. 15, no. 4, pp. 2405-2415,
Apr. 2018.

[7]1 C.Gehrmannand M. Gunnarsson, ““A digital twin based industrial automa-
tion and control system security architecture,” IEEE Trans. Ind. Informat.,
vol. 16, no. 1, pp. 669-680, Jan. 2019.

[8] Y. Dai, K. Zhang, S. Maharjan, and Y. Zhang, “Deep reinforcement
learning for stochastic computation offloading in digital twin networks,”
IEEE Trans. Ind. Informat., vol. 17, no. 7, pp. 4968—4977, Jul. 2021.

[9] B. McMahan, E. Moore, D. Ramage, and S. Hampson, “Communication-

efficient learning of deep networks from decentralized data,” in Proc. 20th

Int. Conf. Artif. Intell. Statist., Fort Lauderdale, FL, USA, 2017, pp. 1273—

1282.

S. Savazzi, M. Nicoli, and V. Rampa, “Federated learning with cooperating

devices: A consensus approach for massive IoT networks,” IEEE Internet

Things J., vol. 7, no. 5, pp. 4641-4654, May 2020.

[11] H. Sun, S. Li, F. R. Yu, Q. Qi, J. Wang, and J. Liao, “Toward

communication-efficient federated learning in the Internet of Things with
edge computing,” IEEE Internet Things J.,vol. 7,no. 11, pp. 11053-11067,
Nov. 2020.

[10]

[12] K. Wei et al., “Federated learning with differential privacy: Algorithms
and performance analysis,” IEEE Trans. Inf. Forensics Secur., vol. 15,
pp. 3454-3469, Apr. 2020.

[13] B. Gu, A. Xu, Z. Huo, C. Deng, and H. Huang, “Privacy-preserving
asynchronous vertical federated learning algorithms for multiparty col-
laborative learning,” I[EEE Trans. Neural Netw. Learn. Syst., vol. 32,no. 7,
pp. 1-13, Jun. 2021.

[14] J. Mills, J. Hu, and G. Min, “Communication-efficient federated learning
for wireless edge intelligence in IoT,” IEEE Internet Things J., vol. 7,n0.7,
pp- 5986-5994, Jul. 2020.

[15] Y. Guo, Z. Zhao, K. He, S. Lai, J. Xia, and L. Fan, “Efficient and
flexible management for industrial Internet of Things: A federated learning
approach,” Comput. Netw., vol. 192, Jun. 2021, Art. no. 108122.

[16] Y. Chen, Z. Liu, Y. Zhang, Y. Wu, X. Chen, and L. Zhao, “Deep rein-
forcement learning-based dynamic resource management for mobile edge
computing in industrial Internet of Things,” IEEE Trans. Ind. Informat.,
vol. 17, no. 7, pp. 4925-4934, Jul. 2021.

[17] Y. Lu, X. Huang, K. Zhang, S. Maharjan, and Y. Zhang, “Communication-
efficient federated learning for digital twin edge networks in industrial
10T,” IEEE Trans. Ind. Informat., vol. 17,n0. 8, pp. 5709-5718, Aug. 2020.

[18] W. Sun, S. Lei, Z. Liu, and Y. Zhang, “Adaptive federated learning and
digital twin for industrial Internet of Things,” IEEE Trans. Ind. Informat.,
vol. 17, no. 8, pp. 5605-5614, Aug. 2020.

[19] Y. Lu, X. Huang, K. Zhang, S. Maharjan, and Y. Zhang, “Low-latency

federated learning and blockchain for edge association in digital twin

empowered 6G networks,” IEEE Trans. Ind. Informat., vol. 17, no. 7,

pp- 5098-5107, Jul. 2021.

Y. Jiao, P. Wang, S. Feng, and D. Niyato, “Profit maximization mechanism

and data management for data analytics services,” IEEE Internet Things

J., vol. 5, no. 3, pp. 2001-2014, Jun. 2018.

Y. Zhao, M. Li, L. Lai, N. Suda, D. Civin, and V. Chandra, “Federated

learning with non-iid data,” 2018. [Online]. Available: https://arxiv.org/

abs/1806.00582

Y. Jiao, D. Wang, B. Lin, and D. I. Kim, “Toward an auto-

mated auction framework for wireless federated learning services mar-

ket,” IEEE Trans. Mob. Comput., vol. 20, no. 10, pp.3034-3048,

Oct. 2021.

[23] W. Sun, H. Zhang, R. Wang, and Y. Zhang, “Reducing offloading latency
for digital twin edge networks in 6G,” IEEE Trans. Veh. Technol., vol. 69,
no. 10, pp. 12240-12251, Oct. 2020.

[24] H. Ye, G. Y. Li, and B.-H. F. Juang, “Deep reinforcement learning based
resource allocation for V2V communications,” IEEE Trans. Veh. Technol.,
vol. 68, no. 4, pp. 3163-3173, Apr. 2019.

[25] M. Li, J. Gao, L. Zhao, and X. Shen, “Deep reinforcement learning for
collaborative edge computing in vehicular networks,” IEEE Trans. Cognit.
Commun. Netw., vol. 6, no. 4, pp. 1122-1135, Dec. 2020.

[26] D. Silver, G. Lever, N. Heess, T. Degris, D. Wierstra, and M. Riedmiller,
“Deterministic policy gradient algorithms,” in Proc. Int. Conf. Mach.
Learn., Beijing, China, 2014, pp. 387-395.

[27] J. Choi and S. R. Pokhrel, “Federated learning with multichannel

ALOHA,” IEEE Wireless Commun. Lett., vol. 9, no. 4, pp. 499-502,

Apr. 2020.

Y. LeCun, C. Cortes, and C. Burges, “MNIST handwritten digit database,”

2010. [Online]. Available: http://yann.lecun.com/exdb/mnist/

[20]

[21]

[22]

[28]

Wei Yang received the B.S. degree in com-
munication engineering from Nanyang Normal
University, Nanyang, China, in 2014, and the
M.S. degree in signal and information pro-
cessing from the School of Computer Sci-
ence, Zhengzhou University of Light Industry,
Zhengzhou, China, in 2018. He is currently
working toward the Ph.D. degree in electronic
science and technology with the School of Au-
tomation and Information Engineering, Xi'an
University of Technology, Xi’an, China.

His research interests include federated learning, optimization, and
wireless networks.


https://arxiv.org/abs/1806.00582
https://arxiv.org/abs/1806.00582
http://yann.lecun.com/exdb/mnist/

YANG et al.: OPTIMIZING FEDERATED LEARNING WITH DEEP REINFORCEMENT LEARNING FOR DIGITAL TWIN EMPOWERED IloT

1893

Wei Xiang (Senior Member, IEEE) received the
B.Eng. and M.Eng. degrees, both in electronic
engineering, from the University of Electronic
Science and Technology of China, Chengdu,
China, in 1997 and 2000, respectively, and the
Ph.D. degree in telecommunications engineer-
ing from the University of South Australia, Ade-
laide, Australia, in 2004. He is currently a Cisco
Research Chair of Al and loT and the Director
of the Cisco-La Trobe Centre for Al and loT,
La Trobe University, Melbourne, Australia. Pre-
viously, he was Foundation Chair and Head of Discipline of loT En-
gineering, James Cook University, Cairns, Australia. He has authored
or coauthored more than 250 peer-reviewed papers including three
books and 200 journal articles. He has served in a large number of
international conferences in the capacity of General Co-Chair, TPC
Co-Chair, Symposium Chair, etc. His research interest includes the
Internet of Things, wireless communications, machine learning for loT
data analytics, and computer vision.

Prof. Xiang, due to his instrumental leadership in establishing Aus-
tralia’s first accredited Internet of Things Engineering degree program,
was inducted into Pearcy Foundation’s Hall of Fame in October 2018.
He is an elected Fellow of the IET in U.K. and Engineers Australia. He
was the recipient of the TNQ Innovation Award in 2016, and Pearcey En-
trepreneurship Award in 2017, and Engineers Australia Cairns Engineer
of the Year in 2017. He was a corecipient of four Best Paper Awards at
WISATS’2019, WCSP’2015, IEEE WCNC’2011, and ICWMC’2009. He
has been awarded several prestigious fellowship titles. He was named
a Queensland International Fellow (2010-2011) by the Queensland
Government of Australia, an Endeavour Research Fellow (2012-2013)
by the Commonwealth Government of Australia, a Smart Futures Fellow
(2012-2015) by the Queensland Government of Australia, and a JSPS
Invitational Fellow jointly by the Australian Academy of Science and
Japanese Society for Promotion of Science (2014-2015). He was the
Vice Chair of the IEEE Northern Australia Section from 2016 to 2020.
He was an Editor for IEEE COMMUNICATIONS LETTERS from 2015 to 2017
and is currently an Associate Editor for IEEE COMMUNICATIONS SURVEYS
AND TUTORIALS, IEEE INTERNET OF THINGS JOURNAL, IEEE ACCESS, and
Nature journal of SCIENTIFIC REPORTS.

Yuan Yang received the B.S. degree in applied
electronic technology, and the M.S., and Ph.D.
degrees in microelectronics and solid state elec-
tronics from the Xi'an University of Technology,
Xi'an, China, in 1997, 2000, and 2004, respec-
tively.

From 2000 to 2004, she was a Lecturer, and
from 2004 to 2009, she was an Assistant Pro-
fessor. Since 2009, she has been a Professor
with the Department of Electronics, Xi'an Uni-
versity of Technology. In 2005, she was a Visit-
ing Scholar with Kyushu University, Fukuoka, Japan. Her research inter-
ests include digital-analog mixed integrated circuit designs, driver and
protection technology of power semiconductor device, deep learning
algorithm, and hardware acceleration.

Peng Cheng (Member, IEEE) received the B.S.

and M.S. (hons.) degrees in communication

and information systems from the University of

Electronic Science and Technology of China

(UESTC), Chengdu, China, in 2006 and 2009,

J respectively, and the Ph.D. degree in communi-

p cation and information systems from Shanghai

2 4 Jiao Tong University, Shanghai, China, in 2013.

‘ /. From 2014 to 2017, he was a Postdoctoral

E > Research Scientist with CSIRO, Sydney, Aus-

tralia. From 2017 to 2020, he was an ARC DE-

CRA Fellow/Lecturer with the University of Sydney, Sydney, Australia.

He is currently an ARC DECRA Fellow and a Senior Lecturer (Tenured

Associate Professor in U.S. systems) with the Department of Computer

Science and Information Technology, La Trobe University, Melbourne,

Australia, and is affiliated with the University of Sydney. He has authored

or coauthored more than 70 peer-reviewed research papers in leading

international journals and conferences. His current research interests

include wireless Al, machine learning, loT, millimeter-wave communica-
tions, and compressive sensing theory.





<<
  /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
  /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 true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /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

  /CreateJDFFile 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 "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


