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Abstract—In the age of big data, companies tend to deploy their services in data centers rather than their own servers. The demands
of big data analytics grow significantly, which leads to an extremely high electricity consumption at data centers. In this paper, we
investigate the cost minimization problem of big data analytics on geo-distributed data centers connected to renewable energy sources
with unpredictable capacity. To solve this problem, we propose a Reinforcement Learning (RL) based job scheduling algorithm by
combining RL with neural network (NN). Moreover, two techniques are developed to enhance the performance of our proposal.
Specifically, Random Pool Sampling (RPS) is proposed to retrain the NN via accumulated training data, and a novel Unidirectional
Bridge Network (UBN) structure is designed for further enhancing the training speed by using the historical knowledge stored in the
trained NN. Experiment results on real Google cluster traces and electricity price from Energy Information Administration show that our
approach is able to reduce the data centers’ cost significantly compared with other benchmark algorithms.

Index Terms—Big data, load balancing, reinforcement learning, data center

1 INTRODUCTION

NTERNET services, such as web-mail, distance education,

searching and online chatting, have gained great popular-
ity in recent years. In order to achieve global service coverage
and high availability, service providers have utilized multi-
ple geo-distributed data centers to conduct streaming analyt-
ics on big data continuously collected from users [1], [2].
However, running such kinds of big data jobs on data centers
consumes overwhelming amount of energy, which causes a
serious burden to the environment and the economy. The
statistics report [3] shows that the energy consumed by data
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centers accounts for 1.3 percent of total energy consumption
of the world in 2010.

There have been emphasizing research efforts on energy
issues of geo-distributed data centers. Earlier studies focus
on energy efficiency by employing various energy-saving
techniques. e.g., dynamic CPU voltage adjusting [4] and
resizing [5]. Recent works [6], [7], [8] start to exploit renew-
able energy, such as wind and solar, to power data centers
so that the energy consumption from traditional power grid
can be significantly reduced. However, how to use renew-
able energy to decrease the cost of big data analytics is still
an open challenge [9], [10], [11].

In this paper, we investigate a renewable energy-aware job
scheduling issue in geo-distributed data centers based on
streaming big data analytics. Particularly, we take a set of
steaming big data jobs into consideration, each of which runs
on a cluster of virtual machines accommodated in several
geo-distributed data centers connected to both traditional
power grid and renewable energy sources with unpredictable
capacity [12]. When more renewable energy has been gene-
rated at a data center due to favorable weather conditions,
migrating big data jobs to this data center could decrease
energy consumption from power grid under an incurred
migration overhead. This cost might be high when migration
meets network traffic congestion. Our proposal is designed
for minimizing the total cost of energy consumption from
grid and job migration without any knowledge of future
renewable energy generation. To solve this challenging prob-
lem, we propose a novel job scheduling algorithm based on
reinforcement learning (RL) [13] that can approximate the
optimal solution by iteratively learning the feedback from his-
torical job scheduling decisions (i.e., job locations in different
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time intervals), which are also referred to as actions. The
learning process of RL consists of a sequence of actions and
the corresponding rewards. In each iteration, RL maintains a
value function to evaluate the expected effect of taking differ-
ent actions. When the action selected by value function is
applied, RL observes the state that appears thereafter, e.g., the
current generated renewable energy and the data center load,
the reward associated with this state that can be used to refine
its value function. Although RL is a promising approach, the
following challenges need to be addressed on how to quickly
approximate the optimal solution for streaming big data
analytics.

e Value function design. Designing a value function to
evaluate different job scheduling actions is difficult
because the system state in our problem depends on
many factors, such as generated renewable energy
(weather condition), resource utilization, and network
congestion. Furthermore, since there is no priori
knowledge of future renewable energy generation, it
is difficult to evaluate the cost saving of current
scheduling decision.

e Sub-optimal and slow convergence. The traditional RL
learns knowledge from the rewards of previous
scheduling decisions using temporal differences [15].
Our experiments on real data sets reveal that this
method fails to guarantee quick convergence to the
optimal solution that can be obtained when the knowl-
edge of future dynamics is available.

Different from existing work striving for value function
design, we propose to use neural network (NN) to evaluate
different job scheduling actions that will exhibit high accuracy
as shown later in our experiments. NN is composed of a num-
ber of interconnected processing elements, also called neu-
rons, organized into several layers. Given the current state as
input, it can learn how to calculate an output (i.e., expected
cost) based on a set of training data. Due to the strong learning
capability of NN, we integrate it into the RL framework, such
that we can adjust job scheduling to approximate the optimal
solution with minimum cost [16]. To further improve training
accuracy, we propose a novel random pool sampling (RPS)
method to improve training data quality by caching historical
data and periodically retrain the NN based on them. A unidi-
rectional bridge network (UBN) structure is designed to reuse
some neurons of NN constructed in previous iterations, such
that the training process can be accelerated. We summarize
the contributions in this paper as follows:

e We are the first to study the streaming big data ana-
lytics with renewable energy by formulating a big
data job scheduling problem in geo-distributed data
centers. Our proposal is designed for minimizing the
total cost of energy consumption from traditional
power grid and job migration among data centers.

e We develop an RL-based algorithm to deal with the
job scheduling issue, without any assumption of
future renewable energy generation and job migration
cost. NN is applied to simplify the value function
design in the traditional RL algorithm. This paper is
the first to embed NN into RL for its value function
design in the studied problem.

J=4j1j2...jn}

Job
Scheduler

Fig. 1. System model.

e To improve the performance of our proposed
scheme, two techniques are developed. In order to
increase the accuracy of NN, we propose an RPS
approach that periodically retrains the NN using
accumulated training data with improved quality.
We also design a novel unidirectional bridge net-
work (UBN) structure to further enhance the training
speed of our proposed algorithm by using historical
knowledge stored in the trained NN. The experimen-
tal results show that these techniques can improve
the cost saving and convergence speed by 20 and 200
percent, respectively.

e Extensive simulations are performed based on var-
ious data traces of real world workload, renewable
energy, and grid electricity price for assessing the
performance of our proposed algorithm. Our
proposal has superior performance than bench-
mark approaches according to numerical results
analysis.

We organize the rest of this paper as follows. Section 2
elaborates the system model and problem formulation. An
RL based job scheduling algorithm is presented in Section 3.
In Section 4, we enhance our proposed algorithm using a
random pool sampling approach and a new NN structure.
The results of extensive experiments are shown in Section 5.
Section 6 surveys the related work. Section 7 gives the con-
clusion of our paper finally.

2 SyYSTEM MODEL AND PROBLEM FORMULATION

We consider a set D = {d;,ds,...d,} of data centers with
renewable energy sources distributed in different geograph-
ical regions, which is shown in Fig. 1. Similar with the
model adopted in [17], streaming data from users first
arrive at a number of gateways, which then forward them
to different data centers. Particularly, we consider a set
J ={j1,J2,...,Jn} of big data jobs, each of which runs on a
cluster of virtual machines. The data arriving rate of job jj is
denoted by ¢, that would fluctuate over time. When a large
amount of data arrives, the increased resource utilization of
virtual clusters will lead to higher energy consumption.
Based on this observation, we consider a discrete-time
power model of 7" time intervals, in which the total energy
consumption of data center d; at time interval ¢ can be calcu-

lated by
t
Uiy = / dt, 1
Lo
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TABLE 1
Symbols and Variables

Notation Description

D ={dy,ds,...,d,}, asetof data centers

€it the renewable energy generation at data
center d; € D during time interval ¢

J = {Jj1,J2:-- -, Jn}, asetof big data jobs

Cr. the data arriving rate of job ji

Wiy the energy consumption of data center d; at
time interval ¢

ré(t) the utilized CPU resource of data center d;

' at time interval ¢

pidle the power of d; when the utilization of it’s
CPUis at 0%

pilt the power of d; when the utilization of it’s

_ CPU is at 100%
J the price of green energy at time interval ¢
p';iown the price of brown energy at time interval ¢
eray the energy cost at data center 7 in time inter-

valt

qt(i,7") the cost of moving job j;, from data center 4
to 4’

resj, memory size of iob j;, migration

dRatioj, page dirty ratio of iob j; migration

seny, application sensitivity against iob j; migra-
tion

ct. Jrate the total job migration cost at time interval ¢

C the total cost

St the system state in RL

A asetof actiona, = {J{, Ji, ..., J. } inRL

Tii1 the reward of action «; in state s; in RL

A the discount factor of cumulative reward in
RL

Q™ (st ar) the action-value function in RL. It calculates
the action-value of , in state s,

o the pool size in SPS or RPS

T the random discarding ratio in RPS

n n € (0,1) and controls the action selection
in RL

M the training epoches of RL

F(sy,ar) the function trained by NN to approximate
Q7 (st, ar)

a; the action that maximizes the output of
function F'(s;, az)

where

—Pz(t) _ p;dle + <plf1111 _ pidle) (2,,{(15) _ T;:(t)l.-/l) ) (2)

In (2), r¢(t) represents the utilized CPU resource of data cen-
ter d; at time interval ¢, pi® and pf*! denotes the power of d;
when the utilization of it's CPU is at 0 and 100 percent,
respectively [18].

In our model, the energy supply of a data center includes
green renewable energy and brown energy from grid. The
policy of energy using is to give high priority to deploying
the green energy, where e¢;; is denoted as the amount of gen-
erated green energy at time interval ¢. p¥;"" and pP’°"" repre-
sent the price of green and brown energy at time interval ¢,
respectively. Energy cost at time interval ¢ can be calculated
as follows:

t
energy

— max(ui‘t — €t 0) pk?‘)“'“
. green (3)
+ min (Ui,m €7z,t) it

Moving a job to a different data center involves the migra-
tion of virtual clusters and redirection of data forwarding
policies at gateways. Let d(ji,, t) denote the data center accom-
modating job k in time interval ¢, and notation ¢}(i, ") denote
the cost of moving job j;, from data center ¢ to i'. As the result
of uncertainty of performance degradation and network con-
sumption during iob j; migration, only core relevant factors
are utilized for estimation [19]. The total job migration cost at
time interval ¢ is therefore expressed as

Cfnigmte = Z qi(d(.]lw t)7 d(jkyt - 1))
Jk€J

= E res;, * dRatio;, * sen, ,
JksJ

(4)

where res;, represents memory size of iob j, migration,
dRatio;, represents page dirty ratio of iob j, migration,
and sen;, represents application sensitivity against iob jj
migration.

Finally, the total cost over the whole time intervals on
energy consumption and job migration can be calculated by

T
C= Z(C;zergy + C:n,iymte)' (5)
t=1

Our proposal is designed for minimizing the total cost by
making job scheduling decisions, i.e., {J{, J,..., J! }, at the
beginning of each time interval, without the knowledge of
future renewable energy generation e;; and job migration
cost function ¢} (i,¢'). The systems and variables in this
paper are summarized in Table 1.

3 REINFORCEMENT LEARNING BASED LOAD
BALANCING

In this section, an RL-based method is proposed for dealing
with the cost minimization issue. The method overview is
first presented, followed by design details.

3.1 Overview

RL is an approach to approximate the optimal reward by
iteratively learning the feedback from historical decisions
named actions. The learning process of RL consists of a
sequence of actions and the corresponding rewards [14]. In
each iteration, RL evaluates the expected effect of taking dif-
ferent actions by a value function. Then RL selects an action
to execute, and observes the state that appears thereafter,
the reward associated with this state that can be used to
refine its value function. Generally, the reward is a metric of
the benefit associated with an action in a certain state. Since
RL do not need any priori knowledge, it is quite appropriate
to the cost reduction among complex data centers.

Our proposed algorithm is mainly designed to migrate
jobs among geo-distributed data centers according to the
feedback of historical job scheduling decisions. We abstract
our algorithm as a job scheduler, whose interaction with job
execution on data centers is shown in Fig. 2a. First, the job
scheduler selects an action and sends it to data centers. Then,
data centers execute the action. Finally, data centers give
feedback including state and reward to job scheduler for its
learning. The temporal relations among these procedures is
shown in Fig. 2b. In the beginning phrase of every time inter-
val t, the job scheduler determines the locations of all jobs
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Fig. 2. The scheme and procedures of load balancing.

denoted as a; = {J{, Ji,...,J! }, which is referred to as an
action. Such decision is made according to the current system
state s; that includes information as shown in Table 2. After
applying action a;, we can observe a new system state s;.;
associated with a reward r41 = CY,.,,, + C};00r in the end

phrase of time interval t. We model the whole system as a
Markov decision process (MDP) as:

{(S()7Cl[),'f’()>,<517a17T1>,.--,<ST,CLT,7'T>}. (6)

In the following, we will elaborate how to determine the
action a,; for each time interval ¢ to minimize its total reward.

3.2 Algorithm Design

Given s, and a;, we define an action-value function

Q" (st, ar) as follows:
1

"(s,a;) = B St, ay

Qo) |:Tt+1 + Mg+ Nrgg oo 1 f}

1

(7)

=E |: ‘Sta at:| )
Tt F /\Q7 9f+1 aty1)

where X is a discount factor. Let A € [0,1] so that the

rewards in the nearer future have larger weights. In each

time interval, we need to select the action a; leading to the

maximum value of function Q7 (s, a;), i.e.,

a; = argmax Q" (s¢, ar), (®)
a€A
where A is a set of action a; = {J{,Ji,...,J! } that can be
chosen in s;.

Since future rewards are affected by many factors, such
as resource utilization of each data center and local weather
conditions as shown in Table 2, the traditional reinforce-
ment learning based on temporal differences [15] cannot
accurately calculate Q7(s;,a;). Neural Network (NN) is
deployed to train a function F'(s;, a;) that approximates the
action-value function with high accuracy. NN can be con-
sidered as a composite function that regards state s; as input
and outputs an action a;. As shown in Fig. 3, an example

TABLE 2

The Information Every State Contains
Attributes  Description
s‘é The CPU usage in current state.
5 The free RAM size in current state.
57 The free I/O bandwidth in current state.
st The current weather.
£ The current electricity price.

neural network has 4 layers, and each layer contains a num-
ber of computing items called neurons. Each neurons
receives values from all neurons in its upper layer, which
are denoted by a vector « and conducts a calculation in the
form of wx + b, where w and b are called weight and bias.
The pseudo code of our proposed RL-based algorithm is
shown in Algorithm 1. We start with an initial NN F(s;, a;)
with random weight @ and bias b. In the beginning of each
time interval, we generate a random number z € [0, 1] obeys
uniform distribution. If z < 15, we select the action a; that
maximizes the output of function F(s;,a;). Otherwise, we
use the randomly selected action. After applying the action
a;, we can observe a system state s, at the end of time inter-
val t, its associated reward 7,1 will be used to retrain the NN
based on the stochastic gradient descent (SGD) method [20].

Algorithm 1. Our Proposed RL-Based Algorithm
) at}: >‘7 n, M

Input: S0, A= {a(), ap,as, ...
Output: (w, b)
1: begin
2: initialize the NN F(s;, a;) with random weight w and
bias b, s; = sg

3 foric (1,2,...,7) do
4 forje(1,2,...,M)do
5: generate random number z € [0, 1]
6 if 2 < nthen
7 select action a; € A that maximizes the
output of function F(s;, ar)
8: else
9: randomly select action a; € A
10: end
11: execute a;, and observe reward r,; and
state s
12: retrain (s, a;,7141)
13: begin
14: retrain NN using (s, a;, 7¢41) by SGD
15: end
16: set sy = Syq1
17: end
18: end
19: end
calculate F(Su&)
(S¢.&)
(shl 'atlrl)
(st+2 'Q¢2)
: Tt+3
Nt+2
Mt+1

Tune connection between neurons

Fig. 3. Training process.
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Fig. 4. Random pool for sampling.

As shown in Fig. 3, every circle corresponds to an execu-
tion of function retrain in Algorithm 1. We use tuple
(st,a;,74+1) to train the NN by SGD. Algorithm calculates
wzx + b and uses it as the input of the latter neurons. By
repeating this operation, we can calculate the outputs
F(si,a;) of the whole NN. According to 7,1, algorithm
tunes the w and b by SGD to update the network.

4 PERFORMANCE ENHANCEMENT

4.1 Random Pool Sampling

In Algorithm 1, we retrain the NN by using the SGD
method that requires stochastic sampling (SS) [20] of train-
ing data. However, such requirement cannot be met
because only one data record is generated and used in
retraining in the end phrase of every time interval. To
overcome this weakness, Simple Pool Sampling (SPS) [21]
is proposed to maintaining a pool to accumulate the train-
ing data. When the pool is full, it performs training process
and empties the pool. The weakness of SPS is that only the
data recently come can be sampled. Alternatively, we pro-
pose a random pool sampling (RPS) scheme to approxi-
mate SS such that the accuracy of NN can be further
increased. Since the RPS maintains a pool to store data, we
also replace SGD with mini-batch stochastic gradient
descent which generally has better accuracy than SGD
[22]. As shown in Fig. 4, we maintain a pool of historical
data and use them to retrain the NN based on mini-batch
stochastic gradient descent. When the pool is full, we ran-
domly discard some data records in the pool. Note that the
sampling method used in Algorithm 1 is a particular case
of RPS via installing the pool size to 1.

Combining RPS with mini-batch SGD, we propose a
novel algorithm called retrainOnBatch to replace the func-
tion retrain in Algorithm 1. The pseudo codes are shown in
Algorithm 2.

Algorithm 2. Function retrainOnBatch (s;, a;, r:1)

1: if the sampling pool is full then

2: shuffle all data in the sampling pool to generate a
mini-batch

3: retrain the NN F'(s;, a;) using the mini-batch SGD

4: randomly discard o x t data records in pool

5: end

6: insert the new data record (s, a}, 1) into the pool

In Algorithm 2, we first check whether the sampling pool
is full or not. If it is full, we shuffle all data to generate a
mini-batch that will be used by SGD to retrain the NN, as
shown in lines 2 and 3. Then, we randomly discard o x ©
data records, where o is the pool size and 7 is the discarding
ratio. If it is not full, we just insert the new data records into
the pool.

To theoretically evaluate the performance of different
data sampling methods, we use the metric of Bhattacharyya
distance [23] that is defined as follows.

Definition 1. Bhattacharyya Distance is a measurement of the
similarity between two discrete probability distributions. For
two distributions p* and q¢* in the same region X, the Bhatta-
charyya distance can be written as

Dp(p*,q") = =In(BC(p",q")), Q)
where BC'is called Bhattacharyya coefficient that can be calcu-
lated by:

(10)

BC(p',q") = > /1 (2)g (@).

zeX

The distributions of sampling data under SS, SPS, and
RPS are denoted by pss, psps and prps, respectively. We
show the superiority of RPS to SPS, which brings further
increasement of accuracy, in the following theorem.

Theorem 1. Dp(prps, pss) < Dp(psrs, pss)

Proof. The pool is assumed full at time interval ¢ with no
generality loss, and mini-batch based SGD samples o
shuffled tuples from the pool.

Since tuples are generated one by one, we denote
tuples (state;, reward,, action;) t € [0,T] with sequence as

(uo:ulv"'vuT)' (11)
Then, we denote a sequence P as
(P6: 1> -5 D7), (12)

where p; is the probability to be sampled of the tuple wu;.
The Psg can be denoted as

(13)

Pas — (0 o o)

f,f,...,f .

According to the definition of SPS and RPS, Pspg is for-
mulated as

Psps = (0,0,...,1,1,...,1,0,....,0), (14)
e —
o
and Pgpg is formulated as
PRPS = ((1 — ‘[)K,. ..,(1 — T)K,
Kk—1 k—1
1-0"",...,0=-0)"",..., (15)
%0
1—-7%...,0-1%1,...,1,0,...,0),
(I-1) (1-1) )
T*0 k0O

where « represents the times of when the pool is full,
K o< t.

Use Eq. (10) to calculate the Bhattacharyya Coefficient
between SPS and SS, we can get

BC(psps, pss) = U@~ (16)
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Fig. 5. Unidirectional bridge network structure.

Similarly, the coefficient between RPS and SS is calcu-
lated by

BC(prps,pss) = Tcr\/§+ m\/gm

g — ) amn
+ (7\/;\/ (1-1)
= a\/%(r(l +VI—t+4/(1-1)7
Foem - e Ja- o),
When the ¢ is sufficiently large, we can get
o
BC(pres,pss) = 0\/;(1 +V1i-1)
(18)
o
> U\/; = BC(psps, pss)-
Combine Eq. (18) with Eq. (9), we can get
Dp(prrs: pss) < Dp(psps: pss)s (19)
which finishes the proof. ]

4.2 Unidirectional Bridge Network Structure

In this section, we further enhance our proposed RL-based
algorithm by proposing a unidirectional bridge network
(UBN) structure to accelerate the training process of NNs. It
is motivated by the fact that neurons in the NN contain use-
ful knowledge that can be reused in training the new NN.

In the proposed UBN structure, shown in Fig. 5, we cre-
ate transfer layers between the new NN and the one trained
previously. Every transfer layer contains a number of neu-
rons that randomly collect the outputs from the trained NN.
The outputs of transfer layers are sent to the new NN. Every
hidden layer and output layer in the new NN receives data
from both the previous layer and a transfer layer.

Since the transfer layers bring extra neurons and associ-
ated connections, we propose the random dropout [24]
strategy to reduce the number of retrained neurons. As
shown in Fig. 6, the dropout strategy is to randomly remove
some neurons and their connections. This transfer layer can
be considered as a layer with two neurons in training. Note
that the dropout strategy runs at the beginning of every iter-
ation of training, and the dropped neurons just do not

The dropped
neurons

Transfer layer |

(TCTCT

Trained layer

The new layers

Fig. 6. Details of UBN.

participate in the current training iteration. In every itera-
tion of training process, the number of dropped neurons is
kept at a stable value, but the neurons are uncertain.

5 EXPERIMENTS

To study the benefits of our proposed RL-based algorithm,
extensive experiments based on real world data sets are per-
formed in this section.

5.1 Experimental Setup

In our experiments, we use the following real-world data
sets including data center location, workload, renewable
energy generation, and electricity price of traditional power
grid.

(1)  Workload: We use the Google cluster-usage traces
[25] collected on May, 2011, which contain 29-day
job information on a cluster of about 12.5k machines.

(2)  Renewable energy generation: We consider three data
centers located in Prewitt in New Mexico (NM), Phoe-
nix in Arizona (AZ) and Los Angeles in California
(CA), where renewable energy is generated according
to weather conditions published by National Renew-
able Energy Laboratory [26]. We use the energy cost
and renewables for the same time. The renewable
energy data includes the all-day generation of solar,
water, and wind.

(3)  Electricity price: The electricity price is obtained
from the website of Energy Information Administra-
tion [3].

To study the influence of NN on the proposed RL-based
algorithm, the discount factor A of cumulative reward in RL
is set as 0.1, 0.3, 0.5, 0.7, 0.9, and the 5, which controls the
action selection in RL, is set as 0.1, 0.3, 0.5, 0.7, 0.9. we con-
sider four NN structures with different combinations of
type, number of layers, and dropout polices in our experi-
ments. As shown in Table 3, one structure uses Convolu-
tional Neural Network (CNN) [27] whose kernel size is set
to 3, and others adopt multilayer perception (MLP) [24]
with one kernel. The three structures using MLP have
different number of layers and dropout policies. For

TABLE 3
Different Network Structures
Structure Type no. of layers dropout kernel
A CNN 13 Yes 3
B MLP 13 Yes 1
C 9 Yes 1
D 5 No 1
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Fig. 7. Cost and reward in different NN structure.

comparison, we also show the performance of following
algorithms as benchmarks.

e  Round robin (RR): It schedules jobs to data centers in
a round-robin manner without any information
about renewable energy generation [28].

e  MinBrown (MB): The MB algorithm is developed for
the minimizing brown energy consumption based
on workload scheduling strategy [29].

e  Temporal Difference (TD): TD is the default algorithm
used by traditional RL [15].

5.2 Experimental Results

We analyze the experimental results from the aspect of the
affects of network structures, the performance of RPS, the
impacts of UBN, the comparison with other algorithms, and
the impact of A and 5. Moreover, the convergence of the
reinforcement learning is discussed.

5.2.1 The affects of Network Structures

We first study the total cost and convergence speed of our pro-
posed algorithm with different NN structures. In Fig. 7a, we
normalize all cost to the result of structure D. The normalized
cost of structures A, B, and C is lower than 1, indicating that
they outperform D. Structure B has the lowest cost because of
the advantages of MLP with larger number of layers. The con-
vergence is shown in Fig. 7b, where we observe that structure
D has the fasted converge speed, but leading to a highest cost
and lowest average action-value. Meanwhile, structure B con-
verges slower, but it has lowest cost and highest average
action-value. Therefore, the structure B can make a good trade-
off between cost, convergence speed, and convergence effect,
which will be adopted in the following experiments.

5.2.2 The Performance of RPS

We then investigate the performance of RPS by changing
the discarding ratio. As shown in Fig. 8a, the lowest cost
can be achieved by setting the discarding ratio to 50 percent.
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Fig. 8. Cost and reward in different discarding ratio of RPS.

That is because under larger discarding ratio, many data
records in the pool will be dropped when it is full, leading
to an obvious temporal relation between two mini-batch,
i.e., the data in latter mini-batch are always later than that in
the previous. On the other hand, retraining based on mini-
batch SGD will be frequently triggered under smaller dis-
carding ratio, and a large amount of redundant data will be
generated. Furthermore, the results in Fig. 8b demonstrate
that setting discarding ratio to 50 percent can guarantee the
fastest convergence speed and the highest average action-
value. Therefore, when the discarding ratio is set to 50 per-
cent, the RPS converges the best.

5.2.3 The Impacts of UBN

We investigate the acceleration of UBN under different
dropout policies. As shown in Fig. 9, the algorithm without
UBN slowly converges, but others with dropout has higher
average action-value and faster convergence speed, since
dropout makes the NN more adaptive by preventing the
solution from sinking into a local optimum. UBN with 50
percent dropout has highest average action-value and con-
verges the best.

5.2.4 The Comparison with Other Algorithms

In this set of experiments, we choose structure B with ran-
domly discarding ratio at 50 percent, and a pre-trained
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Fig. 9. Average action-value of data centers.
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network is connected to the network to be trained using
transfer layers with 50 percent dropout. Comparison among
our proposed RL-based Algorithm (Strategy Learning Algo-
rithm, SLA), advanced strategy learning algorithm (ASLA)
that combines SLA with Algorithm 2, and benchmark algo-
rithms are shown in Fig. 10. As shown in Fig. 10, ASLA has
better performance on the normalized average cost saving
than most of benchmark algorithms and SLA. In ASLA, the
job scheduler has the exploration mechanism controlled by
n, which prevent the data centers from an extreme load
imbalance. Specially, the average action-value comparison
among SLA, ASLA, and TD is shown in Fig. 10b. According
to Fig. 10b, SLA and ASLA both perform better than TD
that uses tabular action-value function.

5.2.5 The Impact of A andn of ASLA

The normalized costs of ASLA with different A and n are
shown in Fig. 11. According to Fig. 11a, the costs are basi-
cally not affected by the value of \. We can see that the nor-
malized cost is influenced by 5 obviously in Fig. 11b. Since
the low 5 controls ASLA to concern more load rather than
cost, when the 5 is set to 0.9, ASLA saves the most cost.

6 RELATED WORK

6.1 Green Data Centers

The energy reduction issue of a single data center are under-
going extensively studied in recent years. For example, Wu
et al. [4] have proposed to use dynamic CPU voltage to min-
imize power consumption of data centers. A similar
approach could dynamically adjust the performance of data
centers according to the load [5].

The other branch focuses on using task distribution techni-
cal across geo-distributed data centers to achieve cost minimi-
zation. Rahman et al. [30] presented a survey of geographic
load balancing in smart grid. Liu et al. [31] proposed Green-
Cloud, integrating online monitoring and VM placement opti-
mization. Zhang et al. [32] developed Hierarchical EneRgy
Optimization (HERO) scheme for the energy consumption

" 1.2 EE NM
0 1 Az
8 1.0 3 LA
EO.S
= 0.6
@©
£0.4
20.2

0001 0.3 05 0.7 09

A
(a) Different A

- 1.2 EE NM
7] 1 AZ
o1l.0 —
EO.S
= 0.6
©
£0.4
202

0.0

0.1 03 05 0.7 0.9
n
(b) Different n

Fig. 11. Costs of ASLA with different A and 7.

reduction of network equipments. The HERO switches off a
part of network switches and connections, which ensures the
entire network’s connectivity and promotes the links utiliza-
tion. Adel et al. [28] applied fuzzy inference engine on data
centers control. Liu et al. [6] maximized green energy’s usage
(renewable energy) and minimized the brown energy’s usage
(fossil fuel energy), respectively.

6.2 Reinforcement Learning

Reinforcement learning attracts more and more attention
recent years and it is often used in controlling and routing
[33], [34]. Luiz et al. [35] developed a transfer learning based
Q-learning approach. Wu et al. [36] proposed to use Q-learn-
ing algorithm to optimize the last 2-hops from the source to
the destination for long-term efficiency. Mnih et al. [37] suc-
cessfully combined the deep neural network (DNN) with
reinforcement learning and achieved a excellent result in win-
ning game scores. Cui et al. [38] developed an NN-based rein-
forcement learning algorithm to optimize trajectory tracking
for autonomous underwater vehicle (AUV), where a critic
NN and an action NN are used. Lange et al. [39] propose to
combine deep aoto-encoder NN with batch-mode reinforce-
ment learning in order to deal with the disparity between the
visual observation and state space.

However, there are only a few researches of combining
reinforcement learning with geographic data centers load
balancing. Lin et al. [15] proposed a reinforcement learning-
based framework to optimize the power management, but
they just uses a simple value function, which may not be
able to fit the data centers appropriately.

6.3 Load Balancing

Load balancing is a research hotspot in geo-distributed data
centers. Tang et al. [40] proposed a heuristic scheduling
approach to balance the workload dynamically. Chen et al.
Wang et al. [41] proposed a method of load balancing
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towards multimedia big data in data centers. The method is
based on hybrid stream and CNN. Chen et al. [42] proposed
a network topology aware based approach to perform load
balancing, which takes advantage of parallelization and is
able to speed up load balancing process. Gupta et al. [43]
applied Ant Colony Optimization in load balancing. The
algorithm performs load balancing by detecting overloaded
and underloaded servers. Shao et al. [44] investigated the
optimal load balancing problem and took transmission
delay into account.

Different from these previous work, our approach uses
reinforcement learning to distribute jobs coming to the data
centers, and replaces the value function with NN. Different
from these studies, our proposal are self-learn online algo-
rithms. In addition, we design a random pool sampling
approach to dismiss the time correlation among rewards and
speed up the convergence of the NN. We also propose a new
network structure for receive the priori knowledge from other
network, which brings significant efficiency improvement.
We propose the combination of RL and NN for the first time.

7 CONCLUSION AND FUTURE WORK

In this paper, we have investigated a big data scheduling
problem for reducing the cost of geo-distributed data cen-
ters. An RL based job scheduling algorithm is proposed
with NN, and two techniques are developed to enhance the
performance of our proposal. Specifically, we propose RPS
to retrain the NN via accumulated training data, and design
a novel UBN structure for further enhancing the training
speed. Extensive experiments show that our proposal is
able to reduce the data centers’ cost significantly compared
with some benchmark algorithms.

Motivated by this paper, there are many interesting
directions that can be studied. With respect to the design of
parallel algorithms, one aspect is to use multiple processes
to accelerate the learning speed of job scheduler. Another
aspect is to investigate the combination of ensemble learn-
ing and reinforcement learning for rapid deployment. In the
field of decentralized distributed systems, multi-agent rein-
forcement learning is an aspect can be studied. As for the
exploration policy, our approach uses simple greedy algo-
rithm based on probability. However, exploration policy is
also important in practice. Further studies will focus on
reducing the cost of cloud service.

ACKNOWLEDGMENTS

This work is supported by National China 973 Project
(2015CB352401); NSEC (61572262); China Postdoctoral Sci-
ence Foundation (2017M610252); China Postdoctoral Sci-
ence Special Foundation (2017T100297); JSPS KAKENHI
(16K16038); and Strategic Information and Communications
R&D Promotion Programme (SCOPE No.162302008), MIC,
Japan.

REFERENCES

[1] K. Wang, Y. Wang, X. Hu, Y. Sun, D.-]. Deng, A. Vinel, and
Y. Zhang, “Wireless big data computing in smart grid,” IEEE
Wireless Commun., vol. 24, no. 2, pp. 58-64, Apr. 2017.

[2] P. Li, S. Guo, T. Miyazaki, M. Xie, J. Hu, and W. Zhuang,
“Wireless big data computing in smart grid,” IEEE Cloud Comput.,
vol. 3, no. 5, pp. 34-42, Sep. 2016.

[3]
[4]

[5]

[6]

[7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]
[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

213

Wholesale Electricity and Natural Gas Market Data, (2016).
[Online]. Available: http:/ /www.eia.gov/electricity /wholesale/
C.-M. Wy, R.-S. Chang, and H.-Y. Chan, “A green energy-efficient
scheduling algorithm using the DVFS technique for cloud data-
centers,” Future Generation Comput. Syst., vol. 37, no. 7, pp. 141-
147, Jul. 2014.

J. Heo, D. Henriksson, X. Liu, and T. Abdelzaher, “Integrating
adaptive components: An emerging challenge in performance-
adaptive systems and a server farm case-study,” in Proc. IEEE Int.
Real-Time Syst. Symp., 2007, pp. 227-238.

Z. Liu, M. Lin, A. Wierman, S. Low, and L. L. H. Andrew,
“Greening geographical load balancing,” IEEE/ACM Trans. Netw.,
vol. 23, no. 2, pp. 657-671, Apr. 2015.

L. Rao, X. Liu, L. Xie, and W. Liu, “Minimizing electricity cost:
Optimization of distributed internet data centers in a multi-electri-
citymarket environment,” in Proc. IEEE INFOCOM, Mar. 2010,
pp- 1-9.

C. Xu, K. Wang, G. Xu, P. Li, S. Guo, and J. Luo, “Making big data
open in collaborative edges: A blockchain-based framework with
reduced resource requirements,” in Proc. IEEE Int. Conf. Commun.,
May 20-24, 2018, pp. 1-16.

P. Li, S. Guo, T. Miyazaki, X. Liao, H. Jin, A. Y. Zomaya, and
K. Wang, “Traffic-aware geo-distributed big data analytics with
predictable job completion time,” IEEE Trans. Parallel Distrib.
Syst., vol. 28, no. 6, pp. 1785-1796, Jun. 2017.

X. Zhou, K. Wang, W. Jia, and M. Guo, “Reinforcement learning
based adaptive resource management of differentiated services in
geo-distributed data centers,” in Proc. IEEEJACM 25th Int. Symp.
Quality Service, 2017, pp. 1-6.

C. Xu, K. Wang, and M. Guo, “Intelligent resource management in
blockchain-based cloud datacenters,” IEEE Cloud Comput., vol. 4,
no. 6, pp. 50-59, Nov./Dec. 2017.

K. Wang, H. Li, Y. Feng, and G. Tian, “Big data analytics for sys-
tem stability evaluation strategy in the energy internet,” IEEE
Trans. Ind. Informat., vol. 13, no. 4, pp. 1969-1978, Aug. 2017.
Y.]J.Liu, L. Tang, S. Tong, C. L. P. Chen, and D. J. Li, “Reinforcement
learning design-based adaptive tracking control with less learning
parameters for nonlinear discrete-time MIMO systems,” IEEE Trans.
Neural Netw. Learn. Syst., vol. 26, no. 1, pp. 165-176, Jan. 2015.

X. He, K. Wang, T. Miyazaki, H. Huang, Y. Wang, and S. Guo,
“Green resource allocation based on deep reinforcement learning
in content-centric IoT,” IEEE Trans. Emerging Topics Comput., to be
published, doi: 10.1109/TETC.2018.2812788.

X.Lin, Y. Wang, and M. Pedram, “A reinforcement learning-based
power management framework for green computing data cen-
ters,” in Proc. IEEE Int. Conf. Cloud Eng., 2016, pp. 135-138.

R. Hecht-Nielsen, “Theory of the backpropagation neural
network,” in Proc. Int. Joint Conf. Neural Netw., 1989, pp. 593-605
L. Zhang, C. Wu, Z. Li, C. Guo, M. Chen, and F. C. M. Lau, “Moving
big data to the cloud,” in Proc. IEEE INFOCOM, 2013, pp. 405-409.

X. Fan, W.-D. Weber, and L. A. Barroso, “Power provisioning for a
warehouse-sized computer,” in Proc. 34th Annu. Int. Symp. Com-
put. Archit., 2007, pp. 13-23.

Q. Wu, F. Ishikawa, Q. Zhu, and Y. Xia, “Energy and migration cost-
aware dynamic virtual machine consolidation in heterogeneous cloud
datacenters,” IEEE Trans. Serv. Comput., vol. 12, no. 4, pp. 550-563,
Jul.-Aug. 2019.

X. He, K. Wang, H. Huang, and B. Liu, “QoE-driven big data
architecture for smart city,” IEEE Commun. Mag., vol. 56, no. 2,
pp- 88-93, Feb. 2018.

V. Mnih, K. Kavukcuoglu, D. Silver, A. Graves, I. Antonoglou,
D. Wierstra, and M. Riedmiller, “Playing Atari with Deep rein-
forcement learning,” arXiv:1312.5602, 2013.

K. Wang, C. Xu, Y. Zhang, S. Guo, and A. Y. Zomaya, “Robust big
data analytics for electricity price forecasting in the smart grid,”
IEEE Trans. Big Data, vol. 5, no. 1, pp. 34-45, Mar 2019.

T. L. Nwe, N. T. Hieu, and D. K. Limbu, “Bhattacharyya distance
based emotional dissimilarity measure for emotion classification,”
in Proc. IEEE Int. Conf. Acoust. Speech Signal Process., May. 2013,
pp- 7512-7516

N. Srivastava, G. E. Hinton, A. Krizhevsky, I. Sutskever, and
R. Salakhutdinov, “Dropout: A simple way to prevent neural net-
works from overfitting,” J. Mach. Learn. Res., vol. 15, no. 1,
pp- 1929-1958, Jan. 2014.

C. Reiss, J. Wilkes, and J. L. Hellerstein, “Google cluster-usage
traces: Format + schema,” Google Inc., Mountain View, CA, USA,
Technical Report, Nov 2011, [Online]. Available: http://code.
google.com/p/googleclusterdata/wiki/TraceVersion2

Authorized licensed use limited to: University at Buffalo Libraries. Downloaded on January 25,2021 at 20:01:25 UTC from IEEE Xplore. Restrictions apply.


http://www.eia.gov/electricity/wholesale/
http://dx.doi.org/10.1109/TETC.2018.2812788
http://code.google.com/p/googleclusterdata/wiki/TraceVersion2
http://code.google.com/p/googleclusterdata/wiki/TraceVersion2

214

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

IEEE TRANSACTIONS ON NETWORK SCIENCE AND ENGINEERING, VOL. 7, NO. 1, JANUARY-MARCH 2020

National Renewable Energy Laboratory, (2016). [Online]. Avail-
able: http:/ /www.nrel.gov/

I. Petras and M. Gilli, “Complex dynamics in one-dimensional
CNNs,” Int. ]. Circuit Theory Appl., vol. 34, no. 1, pp. 3-20,
Jan. 2006.

A.N. Toosi and R. Buyya, “A fuzzy logic-nased controller for cost
and energy efficient load balancing in geo-distributed data cen-
ters,” in Proc. Int. Conf. Utility Cloud Comput., 2015, pp. 186-194.

C. Chen, B. He, and X. Tang, “Green-aware workload scheduling
in geographically distributed data centers,” in Proc. Int. Conf.
Cloud Comput. Technol. Sci., Dec. 2012, pp. 82-89

A. Rahman, X. Liu, and F. Kong, “A survey on geographic load
balancing based data center power management in the smart grid
environment,” IEEE Commun. Surveys Tutorials, vol. 16, no. 1,
pp- 214-233, Feb. 2014.

L. Liu, H. Wang, X. Liu, X. Jin, W. B. He, Q. B. Wang, and Y. Chen,
“GreenCloud: A new architecture for green data center,” in Proc.
ACM Int. Conf. Ind. Session Autonomic Comput. Commun. Ind. Ses-
sion, 2009, pp. 29-38.

Y. Zhang and N. Ansari, “HERO: Hierarchical energy optimiza-
tion for data center networks,” IEEE Syst. ]., vol. 9, no. 2, pp. 406—
415, Jun. 2015.

H. A. A. Al-Rawi, K. L. A. Yau, H. Mohamad, N. Ramli, and
W. Hashim, “A reinforcement learning-based routing scheme for
cognitive radio ad hoc networks,” in Proc. IFIP Wireless Mobile
Netw. Conf., 2014, pp. 1-8.

I. Grondman, L. Busoniu, G. A. D. Lopes, and R. Babuska, “A sur-
vey of actor-critic reinforcement learning: Standard and natural
policy gradients,” IEEE Trans. Syst. Man Cybern., vol. 42, no. 6,
pp- 1291-1307, Nov. 2012.

L.A.C.Jr.,J. P. Matsuura, R. L. de Mantaras, and R. A. C. Bianchi,
“Using transfer learning to speed-up reinforcement learning: A
cased-based approach,” in Proc. Latin Amer. Robot. Symp. Intell.
Robotic Meet., 2010, pp. 55-60.

C. Wu, T. Yoshinaga, Y. Ji, T. Murase, and Y. Zhang, “A reinforce-
ment learning-based data storage scheme for vehicular Ad Hoc
networks,” IEEE Trans. Veh. Technol., vol. 66, no. 7, pp. 6336-6348,
Jul. 2017.

V. Mnih, K. Kavukcuoglu, D. Silver, A. A. Rusu, ]J. Veness,
M. Bellemare, A. Graves, M. Riedmiller, A. Fidjeland, G. Ostrov-
ski, and others, “Human-level control through deep reinforce-
ment learning,” Nature, vol. 518, no. 7540, pp. 529-533, Feb. 2015.
R. Cui, C. Yang, Y. Li, and S. Sharma, “Adaptive neural network
control of AUVs with control input nonlinearities using reinforce-
ment learning,” IEEE Trans. Syst. Man Cybern.: Syst., vol. 47, no. 6,
pp- 1019-1029, Jun. 2017.

S. Lange and M. Riedmiller, “Deep auto-encoder neural networks
in reinforcement learning,” in Proc. Int. Joint Conf. Neural Netw.,
2010, pp. 1-8.

F. Tang, L. T. Yang, C. Tang, J. Li, and M. Guo, “A dynamical and
load-balanced flow scheduling approach for big data centers in
clouds,” IEEE Trans. Cloud Comput., vol. 6, no. 4, pp. 915-928,
Oct.-Dec. 2018.

K. Wang, J. Mi, C. Xu, Q. Zhu, L. Shu, and D.-]. Deng, “Real-time
load reduction in multimedia big data for mobile Internet,” ACM
Trans. Multimedia Comput., Commun. Appl., vol. 26, no. 5,
Oct. 2016, Art. no. 76.

K. T. Chen, C. Chen, and P. H. Wang, “Network aware load-bal-
ancing via parallel VM migration for data centers,” in Proc. Int.
Conf. Comput. Commun. Netw., Aug. 2014, pp. 1-8.

E. Gupta and V. Deshpande, “A technique based on ant colony
optimization for load balancing in cloud data center,” in Proc. Int.
Conf. Inf. Technol., Dec. 2014, pp. 12-17.

H. Shao, L. Rao, Z. Wang, X. Liu, Z. Wang, and K. Ren, “Optimal
load balancing and energy cost management for internet data cen-
ters in deregulated electricity markets,” IEEE Trans. Parallel Dis-
trib. Syst., vol. 25, no. 10, pp. 2659-2669, Sep. 2014.

Chenhan Xu is working toward the postgraduate
degree in the School of Internet of Things, Nanj-
ing University of Posts and Telecommunications,
China. His current research interests include big
data, cloud computing, and machine learning.

Kun Wang [M’'13-SM’17] received the BEng and
PhD degrees in computer science from the Nanj-
ing University of Posts and Telecommunications,
Nanjing, China, in 2004 and 2009, respectively.
From 2013 to 2015, he was a postdoc fellow in
Electrical Engineering Department, University of
California, Los Angeles (UCLA), CA. In 2016, he
was a research fellow in the School of Computer
Science and Engineering, the University of Aizu,
Aizu-Wakamatsu City, Fukushima, Japan. He is
currently a research fellow in the Department of
Computing, the Hong Kong Polytechnic University, Hong Kong, China,
and also a full professor in the School of Internet of Things, Nanjing Uni-
versity of Posts and Telecommunications, Nanjing, China. He has pub-
lished more than 100 papers in refereed international conferences and
journals. He has received Best Paper Award at IEEE GLOBECOM16.
He serves as associate editor of IEEE Access, editor of the Journal of
Network and Computer Applications, the Journal of Communications
and Information Networks, the EAI Transactions on Industrial Networks
and Intelligent Systems and guest editors of IEEE Access, Future Gen-
eration Computer Systems, Peer-to-Peer Networking and Applications,
and Journal of Internet Technology. He was the symposium chair/co-
chair of IEEE IECON16, IEEE EEEIC16, IEEE WCSP16, IEEE
CNCC17, etc. His current research interests include the area of big
data, wireless communications and networking, smart grid, energy Inter-
net, and information security technologies. He is a senior member of the
IEEE and Member of ACM.

Peng Li [M’12] received the BS degree from the
Huazhong University of Science and Technology,
China, in 2007, and the MS and PhD degrees
from the University of Aizu, Japan, in 2009 and
2012, respectively. He is currently an associate
professor with the University of Aizu, Japan. His
research interests include wireless communica-
tion and networking, specifically wireless sensor
networks, green and energy-efficient mobile net-
works, and cross-layer optimization for wireless
networks. He also has interests on cloud comput-
ing, big data processing and smart grid. He is a
member of the IEEE.

Rui Xia received the BS degree from Shanghai
Jiao Tong University, Shanghai, China, and now
is working as an automation developer in Auto-
desk(China)Software Research and Develop-
ment Co., Ltd., Shanghai, China. Her research
interests include machine learning, big data and
web service.

Authorized licensed use limited to: University at Buffalo Libraries. Downloaded on January 25,2021 at 20:01:25 UTC from IEEE Xplore. Restrictions apply.


http://www.nrel.gov/

XU ET AL.: RENEWABLE ENERGY-AWARE BIG DATA ANALYTICS IN GEO-DISTRIBUTED DATA CENTERS WITH REINFORCEMENT... 215

Song Guo [M02-SM’11] received the PhD
degree in computer science from the University
of Ottawa and was a professor with the University
of Aizu. He is a full professor in the Department
of Computing, The Hong Kong Polytechnic Uni-
versity. His research interests include the areas
of big data, cloud computing and networking, and
distributed systems with more than 400 papers
published in major conferences and journals. His
work was recognized by the 2016 Annual Best of
Computing: Notable Books and Atrticles in Com-
puting in ACM Computing Reviews. He is the recipient of the 2017 IEEE
Systems Journal Annual Best Paper Award and other five Best Paper
Awards from IEEE/ACM conferences. He was an associate editor of the
IEEE Transactions on Parallel and Distributed Systems and an |IEEE
ComSoc Distinguished Lecturer. He is now on the editorial board of the
IEEE Transactions on Emerging Topics in Computing, the IEEE Trans-
actions on Sustainable Computing, the IEEE Transactions on Green
Communications and Networking, and the IEEE Communications. He
also served as General, TPC and Symposium Chair for numerous IEEE
conferences. He currently serves as an officer for several IEEE ComSoc
Technical Committees and a director in the ComSoc Board of Gover-
nors. He is a senior member of the IEEE.

Minyi Guo [F’17] received the PhD degree in com-
puter science from the University of Tsukuba, Tsu-
kuba, Japan. He is currently a zhiyuan chair
professor in Shanghai Jiao Tong University, Shang-
hai, China. His research interests include pervasive
computing, parallel and distributed processing, and
parallelizing compilers. In 2007, he received the
Recruitment Program of Global Experts and Distin-
guished Young Scholars Award from the National
Natural Science Foundation of China. He is on the
editorial board of the IEEE Transactions on Parallel
and Distributed Systems and the IEEE Transactions on Computers. He is a
fellow of the IEEE.

LA

> For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/csdl.

Authorized licensed use limited to: University at Buffalo Libraries. Downloaded on January 25,2021 at 20:01:25 UTC from IEEE Xplore. Restrictions apply.




<<
  /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 false
  /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 false
  /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 false
  /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


