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ABSTRACT

System level power management must consider the uncertainty
and variability that comes from the environment, the application
and the hardware. A robust power management technique must be
able to learn the optimal decision from past history and improve
itself as the environment changes. This paper presents a novel on-
line power management technique based on model-free
constrained reinforcement learning (RL). It learns the best power
management policy that gives the minimum power consumption
for a given performance constraint without any prior information
of workload. Compared with existing machine learning based
power management techniques, the RL based learning is capable
of exploring the trade-off in the power-performance design space
and converging to a better power management policy.
Experimental results show that the proposed RL based power
management achieves 24% and 3% reduction in power and
latency respectively comparing to the existing expert based power
management.

Keywords
Power management, reinforcement learning, Q-learning, model-
free

1. INTRODUCTION

Power consumption has become a major issue in the design of
computing systems today. High power consumption increases
cooling cost, degrades the system reliability and also reduces the
battery life in portable devices. Almost all power reduction
techniques associate with an adverse effect on system
performance at certain degree. Low power design is a constrained
optimization that minimizes power consumption while
maintaining an acceptable performance.

Dynamic power management (DPM) has proven to be an effective
technique for power reduction at system level [1]. It selectively
shuts-off or slows-down system components that are idle or
underutilized. The power manager needs to make wise decisions
on when to put the devices into which power mode. The effective
use of power management techniques at run time usually requires
application and architecture specific information.

Robust power management must consider the uncertainty and
variability that comes from the environment, the application and
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the hardware. For example, the workload of a complex system is
usually unpredictable as it strongly depends on the nature of the
application, the input data and the user context. The workload
variation changes the device usage pattern and has the most
significant impact on the system speed and power consumption.
The contention of shared resources such as buses or I/Os in an
MPSoC also increases the variability of hardware response time
for communication and computation. Furthermore, the process,
voltage, and temperature (PVT) variation results in a large
fluctuation in hardware performance and power consumption.
Therefore, statically optimized resource and power management
are not likely to achieve the best performance when the input
characteristics change. The ability to observe, learn and adapt to
different hardware systems and different working environments is
essential for a good power management controller.

Most of the previous power management work separates system
modeling and policy optimization. Based on this approach, a
model that characterizes both system workload and hardware
responses is first constructed and the optimal power management
policy is then derived. For example, in [2], the idle intervals of the
incoming tasks are modeled and predicated using the exponential-
average approach. The authors of [3] use a regression function to
predict the next task incoming time.

For more complex systems, stochastic models are applied for
system modeling, since the workload in such systems is more
random and uncertain. Markov decision process ([4]) and Semi-
Markov decision process ([5]) are adopted in workload modeling.
In a more realistic situation, the workload or the incoming tasks
are not fully observable to the power manager. In such cases,
partially observable Markov decision process (POMDP) is
investigated to model the partially observable systems ([6], [7]).
The effectiveness of the above mentioned power management
approaches relies heavily on an accurate workload model, which
is usually not known in advance.

Some recent works adopt machine learning techniques to detect
the unknown workload. The authors of [8] propose to use Baum-
Welch algorithm to learn the hidden Markov model of the
observed workload and find the optimal policy using quadratic
constrained linear programming. Reference [9] proposes a user-
based adaptive power management technique that considers user
annoyance as a performance constraint. However, both
approaches require offline training. Therefore, they are not
suitable to be applied on-line for adaptive power management in a
changing environment.

Online learning is a natural selection for adaptive policy
optimization. In reference [10], an on-line learning algorithm
dynamically selects the best DPM policies from a set of candidate
policies (referred as experts), which are stored locally in the



memory. Each expert has a weight factor, the value of which
indicates the benefit gained if the correspondent expert was
chosen during the last idle period. The one with the highest value
has the biggest opportunity to control the device for the next idle
period. Reference [11] proposes similar approach using a different
learning algorithm. The expert based machine learning algorithm
is able to find an appropriate DPM policy in short time without
any workload information. However, our experiment shows that
the effectiveness of such learning algorithms relies heavily on the
pre-selected experts. Not being able to find good performance-
power tradeoff is another concern.

In this paper, we present a novel approach for system level power
management in a partially observable environment. In contrast to
the previous approaches, the proposed power manager learns a
new power control policy instead of learning how to choose from
a set of existing policies. This is achieved by trying an action in a
certain system state, and adjusting the action when this state is re-
visited next time, based on the reward/penalty received. This is a
model-free approach as the power manager learns the policy
directly. The characteristics of the proposed work are described as
follows.

1.  The power manager does not require any prior knowledge of
the workload or the system model. It learns the policy online
with real-time incoming tasks and adjusts the policy
accordingly. After a certain set-up time, the optimal policy
can positively be found.

2. The power manager does not depend on any pre-designed
experts, or any DPM policies. It learns the optimal policy by
observing the workload and receiving the reward/penalty
from the system.

3. We consider the system performance as a constraint while
minimizing the overall power consumption. In this way, the
total energy is saved without decreasing the quality of
service of the system.

4. The trade-off between power consumption and system
performance can be controlled by a user-defined parameter.
The experimental results show that the proposed power
manager finds near optimal power-performance tradeoff.

5. A power management system consists of the workload and
the service provider. Although we do not have information of
the workload a priori, we do know the state space and the
transition speed of the SP. Based on this partial information,
we improve the convergence speed of the Q-learning
algorithm for the DPM problem. Comparing to the traditional
Q-learning, the improved Q-learning provides 73% and 14%
reduction in power and latency respectively.

The remainder of this paper is organized as follows. Section 2
gives some background of basic reinforcement learning and
constrained Q-learning. Section 3 explains our problem
formulation and policy optimization using constrained
reinforcement learning. The experimental results and analysis are
presented in Section 4. We conclude our work in Section 5.

2. BACKGROUND

In this section, we will give a brief introduction to the basic
concepts of standard Q-learning, which is one of the most
popularly used algorithms of reinforcement learning.

Reinforcement learning is a machine intelligence approach that
has been applied in many different areas. It mimics one of the
most common learning styles in natural life. The machine learns
to achieve a goal by trial-and-error interaction with a dynamic
environment.

The general learning model consists of

An agent

A finite state space S

A set of available actions A for the agent
A reward function R:S X A - R

The goal of the agent is to maximize its average long-term reward.
It is achieved by learning a policy =, i.e. a mapping between the
states and the actions. In our problem, the goal is to minimize the
system energy dissipation.

Q-learning is one of the most popular algorithms that perform
reinforcement learning. At each step of interaction with the
environment, the agent observes the environment and issues an
action based on the system state. By performing the action, the
system moves from one state to another. The new state gives the
agent a reward (a real or natural number) or punishment (a
negative reward) which indicates the value of the state transition.
The agent keeps a value function Q™ (s, a) for each state-action
pair, which represents the expected long-term reward if the system
starts from state s, taking action a, and thereafter following policy
n. Based on this value function, the agent decides which action
should be taken in current state to achieve the maximum long-
term rewards.

The core of the Q-learning algorithm is a value iteration update of
the value function. The Q-value for each state-action pair is
initially chosen by the designer and later, it is updated each time
an action is issued and a reward is received, based on the
following expression.

Q(spap) « Q(sp,ap) + &(sp,ar) x

old value

learning rate

Expected Discounted Reward 0ld Value

Teyy T Y max, Q(Se+1,a) — Q(Sp, ar) [ (1)
Reward  Discount Factor Max Future Value

In the above expression, r, is the reward given at time ¢, and
oys,a) € (0,1) is the learning rates which may be the same value
for all pairs. The discount factor y is a value between 0 and 1. The
next time when state s is visited again, the action with the
maximum Q-value will be chosen, i.e. m(s) = max,ecs Q(s, ).

As a model-free learning algorithm, it is not necessary for the Q-
learning agent to have any prior information about the system,
such as the transition probability from one state to another. Thus,
it is a highly adaptive and flexible algorithm.

Q-learning is originally designed to find the policy for a Markov
Decision Process (MDP). It is proved that the Q-learning is able to
find the optimal policy when the learning rate o is reduced to 0 at
an appropriate rate, given the condition that the environment is
MDP. However, it is important to point out that a computing
system for power management is typically non-Markovian.
Therefore it is not guaranteed that Q-learning will find the optimal
DPM policy for our problem. We will justify why we choose Q-
Learning to solve this problem in the next section.



3. PROBLEM FORMULATION AND
POLICY LEARNING

In this section, we will discuss how to extend the traditional Q-
learning algorithm to solve the dynamic power management
problem.

3.1 Problem Formulation

Figure 1 shows the power management system we are interested
in. Similar to many previous works in stochastic power
management, our environment consists of a service requestor
(SR), a service provider (SP), and a service queue (SQ). The
service requestor generates different types of requests to be
processed by the service provider. These requests are first
buffered in a FIFO queue (SQ) before being processed. The state
space of the environment is the composite space comprising of SR
states, SQ states and SP states.
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Figure 1 Illustration of system under power management.

The power manager observes the environment through a noisy
channel therefore it only receives the partial observation. As
reference [7] pointed out, such partial observation can be caused
by delayed information or hidden states in the SP, SR or SQ. For
example, the SR (i.e. the software application) has multiple
request generation modes which are not distinguishable to the
power manager (PM). Even if the PM is able to receive the perfect
information of system states, it sometimes may choose to
aggregate some system states in order to avoid the problem of
state explosion. This, again, creates partial observation. We use a
finite set B = {o0,, 0,, 03, ..., 0,} to denote the set of observations.
If the environment is Markovian, then the observation is a hidden
Markov process.

The object of the power management problem is to minimize the
average power consumption with respect to a given performance
constraint. In this problem, we consider the average delay in the
SQ as the performance constraint. Thus, the cost for an action
taken in a state is measured by both the immediate power
consumption and the caused delay. We assume that a power
model of the SP has been characterized for each power mode.
Based on the observed status of the SP, its power consumption
can be estimated from the model. The delay cost is related to the
number request in the service queue. More details about the cost
function will be provided in section 3.2.

The action space can be denoted as a finite set A = {a, a,, as, ...,
a,}, with n representing the number of all power modes that the
SP can be switched to. The power manager chooses an action for
SP every time the system leaves a state and enters another.

The power manager learns the DPM policy based on its
observation of the system, which is typically non-Markovian. First
of all, the workload of most computing system exhibits long range
similarity [14] and hence the service requestor in our power
management system is most likely to be non-Markovian.
Furthermore, even if the underlying system is Markovian, what
the power manager observes may not be Markovian due to the
noise and disturbance, such as state aggregation, during the
observation. As we mentioned earlier, the Q-learning may not be
able to find the optimal policy in a non-Markovian environment.
Nevertheless we still choose Q-learning to solve this problem
because of its simplicity and also because of its robustness to
endure noise.

Reinforcement learning in a non-Markovian environment is an
open problem. Many research works have investigated the
feasibility of applying the traditional RL algorithms to solve the
decision problem in a non-Markovian environment or a partially
observable Markovian environment [15][16]. The author of [15]
applies five RL algorithms in a noisy and non-Markovian
environment and compares their performance and convergence
speed. Their results show that the Q-learning exhibits the highest
robustness at low noise level and medium robustness at high noise
level. However, the convergence speed of Q-learning reduces the
most drastically when the noise level increases. In [16] the similar
results are reported. Q-learning is capable to achieve the same
performance as the other two reference learning algorithms at the
cost of slower convergence speed. Based on the study we
conclude that the major limitation of Q-learning, when being
applied in a non-Markovian environment, is its convergence
speed.

Traditional Q-learning assumes no prior information of the
environment. However, in a power management system, the
model of SP can be pre-characterized. We know exactly how
many power modes an SP has and how it switches its power mode
given a power management command. In another word, we have
partial information of the power management system. Based on
this information, we are able to design an improved Q-learning
algorithm with faster convergence speed. More details are
provided in the next section.

3.2 Modified Q-Learning

In this section, we present our modification on the traditional Q-
learning algorithm when applying it to solve the DPM problem.

Modify cost function to consider latency constraint

Our goal is to optimize the power while maintaining a certain
level of overall performance. Thus, the original Q-learning is not
suitable for our problem; since it only learns to minimize the
power consumption without consideration of performance lost
that may occur. To extend the Q-learning to address our problem,
we define a Lagrangian cost

C(s,a; 1) = c(s,a) + Ad(s,a) (2),

where ¢(s, a) is the power consumption when action « is taken in
state s, and d(s, a) is the delay caused by the action. A straight
forward way is to set the delay equal to the number of waiting
requests in the queue because no matter which action is taken, the
requests currently in queue will wait for at least one cycle. Under
this definition, the actions go_active and go_sleep have the same
performance penalty, which is not reasonable when the queue is



not empty. Therefore, we set different delay costs for actions
go_active and go_sleep that are described as following:

d(s, go_active) = q and
d(s,go_sleep) = q * (1 + Tran)s

Where ¢ is the number of requests in queue and 7)., is the
average power mode switching time.

A discrete-time slotted model is used throughout this work, which
means all the decision making and system state updating occur on
a cycle basis. A time slot n is defined as the time interval [n7,
(n+1)T), and the power manager makes decision for this time slot
at the beginning of this interval at time nT.

Learning in the observation domain

As we mentioned previously, the power manager works in the
observation domain. During each cycle, the agent first obtains an
observation of the current system state, which may not be the real
system state due to the noisy channel between the agent and the
environment. Instead of maintaining a set of Q-values for each
state-action pair, the learner keeps a set of Q-values for each
observation-action pair, which is updated in a very similar way as
the original Q-learning algorithm.

Q0,a;2) = (1= g(00))Q0, a; 1) +
£o,a)(c(0,a; 1) + miny Q(o',a’; 1)) (3)

Next time when the same observation is re-observed, the action
with the smallest Q-value is chosen and a new Q-value is again
calculated. Note that we cannot update Q(o,a;A) until we
obtained the observation o’. In another word, each observation
cycle, we update the Q value for the observation-action pair of the
previous cycle.

Speed up Q-learning for the DPM problem

The convergence of the Q-learning relies on the recurrent visits of
all possible state-action pairs. Based on equation (1) we can see,
each time a state s is visited and action « is taken, a corresponding
O value (s, a) is updated. It is calculated as the weighted sum of
itself and the best Q value of the next state s°, i.e. Q(s,a) =
(1-8)Q(s,a) + ¢(c(s,a) +nl11i,n Q(s',a")). The frequency that

state s occurs after state-action pair (s, @) reveals the information
of the system transition probability. In traditional Q-learning, only
the Q value corresponding to the actual visited state-action pair
will be updated. This is because the learner has no information of
the system dynamics, and it totally relies on the actual execution
trace to figure out the next state information for a given state-
action pair.

The state of a power management system is a composition of the
states of SP, SR and SQ. Among these three, only SR is unknown.
The state space SP is the set of available power modes and its
transition probability from state sp, to state sp, when action a is
taken (i.e. prob(sp;, sp,, a)) can be characterized. We also know
that SP and SR are independent to each other.

Based on the available information on SP and SQ, we proposed to
update more than one Q values to speed up convergence. More
specifically, for each visited state-action pair ((sp, sr, sq), a) we
will update all Q values corresponding to the state-action pairs
((sp’, sr, sq), a’), Vsp' € SP,¥a' € A. This requires us to know

the next state of the state-action pair ((sp’, s, sq), a’) even if it is
not visited.

Let (sps+1, S71+1, 8q.+1) represent the next state of the visited state-
action pair ((sp, sr, sq), a) according to the system execution
trace. Let (spy1, S714+1 5 Sq+1 ) represent the next state that needs to
be projected for the virtually visited state-action pair ((sp’, sr, 5q),
a’). Given the current state sp’ and action a’, it is not difficult for
us to find the next state sp,,  as the SP model is pre-
characterized. We also know that the service requestor works
independently to the service provider. Regardless of the state of
SP, the requests are generated in the same way. Therefore, 57,4, " is
equal to sry. To find out the value of sg,; " is more difficult. On
one hand, it depends on the number of incoming requests, which
is not affected by the SP power mode. On the other hand, it
depends on the SP service rate, which is unknown and will be
affected by the SP power mode. However, we know that the
difference between sq,.;  and sq,.; is less than 1 because each
cycle the SP completes at most one request. Therefore, here we
simply set sq,;  to be equal to sq,;. With the next state
information, the Q values of those virtually visited state-action
pairs can easily be calculated.

Since the number of Q-values that would be updated in each cycle
is |SP| X |A|, with |SP| the number of SP states and |A| the
cardinality of the action set, the complexity of the constrained Q-
learning is O( |SP| X |A|). This is an affordable computing
intension for an online power management algorithm.

We further improve the convergence speed of the proposed Q-
learning algorithm by adopting a variable learning rate. Compared
to the traditional Q-learning, the learning rate £(, 4) is not fixed in
our algorithm. Instead, it is dependent on the observation-action
pair (o, a) and is calculated as

_ kK
€0m = Vit P

where Visit(o,a) is the number of times that the observation-
action pair (o, a) has been visited, and u is a given constant.

Our experimental results show that, the modified Q-learning
algorithm (i.e., updating multiple Q-values in each cycle at a
variable learning rate) converges faster than the traditional Q-
learning (i.e., updating only one Q-value each time at a fixed
learning rate). Moreover, the learner finds better policy because
the learning process is based on more information.

4. EXPERIMENTAL RESULTS AND
ANALYSIS

We evaluate the proposed Q-learning algorithm using both
synthetic workloads and real workloads. As a baseline reference,
we also implemented the learning algorithm that is proposed in
[10] to the best of our understanding. In the rest of the paper, we
will refer to our algorithm as modified Q-learning and refer to the
algorithm in [10] as expert-based DPM. Three other algorithms
are also implemented as comparisons: fixed timeout policy,
adaptive timeout policy, and exponential predictive policy. The
fixed timeout policy employs a timeout equal to three times the
break even time 7. The adaptive timeout policy uses 3T, as its
initial timeout and +/-1 cycle as adjustments, depending on
whether the previous idle period achieved energy saving or not.



The exponential predictive policy was implemented as described
in [2]. Table 1 gives the characteristics of these policies.

Table 1 Characteristics of different policies.

Policy Characteristics

Fixed Timeout Timeout =3 * T,

) ) Initial timeout = 3 * Ty,
Adaptive Timeout .
Adjustment = +/-1 cycle

Ly =aip, +(1-a)l,

Exponential Predictive
a=0.5

Expert-based Learning Uses the above three policies as experts.

4.1 Experiment Using Synthetic Workload

The SP used in the simulation is a hard disk drive (HDD) It has
two power modes, active and sleep. Its power consumption and
switching time are reported in Table 2. The unit for 7}, and T}, is
cycle. The service rate of SP is 0.7/cycle. The SQ can hold up to 4
waiting requests; therefore there are five different states of SQ
including the state which stands for an empty queue.

Table 2 Characteristics of the Service Provider.

Device Pactive Psleep Ptran Ttran Tbe

HDD 1.6 0.4 2.4 2.5 4.2
Our first set of experiments is performed using synthesized
workload. The requests are generated by an SR model that has
three states, s, 55, and s; whose incoming request rates are 0.01,
0.10, and 0.25 respectively. The following matrix gives the
transition probability of the three states.

098 0.01 0.01
P =

0.01 0.98 0.01
0.01 0.01 0.98

Based on our model, the SR has three request generation modes
which generate requests at three different speeds. One of the
modes has relatively higher request generation speed than the
other two. The SR will stay in a request generation mode for
about 50 cycles on average and then switch to another mode. Note
that the power manager does not know the SR model.
Furthermore, since our system is partially observable, we assume
that the power manager is not able to distinguish the two modes,
s; and s,, which generate requests at a relatively low speed.
Hence, the power manager will receive two observations about the
SR, one is high workload mode and the other is low workload
mode.

We developed a cycle-based simulator that reports the average
power consumption, the latency (i.e. average number of waiting
requests in queue), and the request loss rate due to overflow in the
service queue. We run the simulation for 50000 cycles. Because
the stochastic nature of the simulated system, all the results
reported in this paper are the averages over 20 different
simulations with different random seeds.

The parameter A in the Lagrangian cost function C(c,a; 1)
controls the power-latency tradeoff of the modified Q-learning.
We vary the A from 0.01 to 50 and generate a set of different
power-performance tradeoff points in the design space. The
learning rate £, q) is calculated as equation (4), with u = 0.25.

For the expert-based DPM [10], three different experts are
selected. They are: fixed timeout policy, adaptive timeout policy,
and exponential predictive timeout policy. An agent learns how to
choose the most proper expert based on the workload. We
evaluate three different versions of expert-based DPM with the
timeout of the fixed timeout expert set to be 1Ty, 3Ty, and 5Ty,
respectively. The characteristics of the other two experts are the
same. The expert-based DPM also has a parameter ae(0,1) that
can be used to control the tradeoff between the power and
performance. In the experiment, we vary o from 0.1 to 0.9.
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Figure 2 Power /Latency tradeoff curves for synthesized workload.

Figure 2 gives the power-latency tradeoff curves for the modified
Q-learning, the traditional Q-learning, Q-learning with multiple
Q-values updated in each step, and the 3 different expert-based
DPM. It shows that our modified Q-learning algorithm finds
better policy that achieves lower power consumption while
maintaining the same average latency as the expert-based DPM
most of time. Moreover, our modified Q-learning algorithm can
achieve even smaller latency which the expert-based DPM is not
capable of, at the cost of higher power consumption. This is
because our modified Q-learning algorithm sometimes pre-wakes
up the SP when there are requests coming in, whereas the expert-
based DPM can only wake up when the learner actually observes
the incoming requests. It is useful in the cases where the power
consumption is not the major concern, but the prompt reaction is
most important.

The power-latency tradeoff points found by the modified Q-
learning are evenly distributed over the design space while those
points found by the expert-based DPM are trapped into only two
locations. Hence, our learning algorithm provides more flexibility
in terms of power-delay tradeoff. The performance of the three
expert-based DPM differs significantly in the high performance
side. It indicates that the expert selection has heavy impact on the
efficiency of the expert-based DPM.
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Figure 3 Latency vs. tradeoff parameter for synthesized workload.

Figure 3 shows the relation between the system latency and the
control parameter o for the expert based DPM. It also gives the



relation between the system latency and the control parameter A4
for the modified Q-learning. As we can see, the system latency is
a monotonically decreasing function of 4. However, the similar
trend cannot be found between the performance and the a value
for the expert-based DPM.
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Figure 4 Convergence of Q-values for two observation-action pairs.

Every learning algorithm requires a period of time to learn before
it converges. We monitored the changes of Q-values each time the
Q-values are updated. Figure 4 shows the Q-values convergence
speed of two most visited observation-action pairs (000, 0) and
(061, 1). Observation (000) represents that there are no incoming
requests, no waiting requests in queue, and HDD is in s/eep mode.
Observation (061) represents that there are no incoming requests,
the queue is full, and HDD is in active mode. Action 0 and 1
represent go_sleep and go_active, respectively. From this figure,
we can see that both Q-values converge within 30 updates.

Our modified Q-learning algorithm can quickly adapt to workload
changes. We tested our modified Q-learning algorithm on
concatenated workload, which consists of a high workload trace
(average incoming rate is 0.3) and a low workload trace (average
incoming rate is 0.02). With the high workload, the algorithm
reaches its stable state with average latency equal to 0.5 within
3000 cycles. After changing to low workload, modified Q-
learning again reaches the stable state within 1500 cycles.

4.2 Experiment Using Real Workload

Our second set of experiments is performed using real workloads
that are collected from different desktop workstations. Using
Windows Performance Monitor, we collected hard disk read/write
request sequences from two different desktop workstations whose
hard disk usage level differs significantly. We stopped collection
when the generated file size reaches SMB, which is equivalent to
70,000 read/write requests in the sequence. Different workstations
take different time to generate those 70,000 requests.
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(a) trace_high

The first trace was collected in the afternoon when a set of
applications were running simultaneously with high disk I/O
activities, resulting in a short collection time (i.e., 18 minutes).
We label this trace as “trace_high”. The other trace was collected
at night when only two applications were running workstation and
it took more than 200 minutes to complete the collection. We
label this trace as “trace low”. The two trace represent high
workload and low workload respectively.

To reduce the complexity of learning, our power manager
performs state aggregation to limit the state space of SR and SQ.
It has only 7 observations of SR, that is, the total number of
incoming requests (read/write together) is 0, 1, 2, 3, 4, 5, and the
incoming requests are more than 5. Similarly, there are only 8
observations of the SQ, the queue is empty, the queue has 1 (or 2,
3,4, 5, 6) waiting requests waiting and the queue has more than 6
waiting requests. We assume that the service rate of a read request
and a write request is 0.5 and 0.3 respectively.

Figure 5 gives the power-latency tradeoff curves of seven
algorithms for two traces. The first four algorithms are the same
as described for Figure 2. We also compare the performances of
fixed timeout policy, adaptive timeout policy, and exponential
predictive policy. As shown in the figures, the proposed modified
Q-learning finds better policy that achieves lower power
consumption as well as smaller average latency. The same as
synthetic workload, the modified Q-learning is able to achieve
even smaller average latency at the cost of power consumption.
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Figure 6 Latency vs. tradeoff parameter for trace_low.

The tradeoff parameter A in the proposed modified Q-learning
controls the power-latency tradeoff efficiently. Figure 6 shows the
relation between the system latency and the control parameter o
for the expert based DPM as well as the relation between the
system latency and the control parameter A for the modified Q-
learning. As shown in the figure, the system latency is a
monotonically decreasing function of A, while the parameter o has
almost no impact on the latency control.
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Figure 5 Performance comparison of different algorithms.
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Figure 7 Power/Latency curves of three Q-learning algorithms.

As we mentioned in section 3.2, we modified the traditional Q-
learning in two ways. First, the learning rate € is modified as an
adaptive factor associated with the observation-action pair.
Second, we update multiple Q-values instead of only one Q-value
in each learning step. Figure 7 shows the power-latency tradeoff
curves of three Q-learning algorithms: the traditional Q-learning,
Q-learning with multiple Q-values updated in each step, and our
proposed modified Q-learning. All the results in this figure were
obtained from the same trace (trace _low). As shown in the figure,
the proposed modified Q-learning over-performs the other two Q-
learning algorithms in both the energy saving and latency control.
Also, the tradeoff parameter A in modified Q-learning controls the
power-latency tradeoff more effectively. Figure 8 shows the Q-
value of observation-action pair (000, 0) in each cycle. As we can
see, comparing to the other two learning algorithms, the changes
of Q-value for the proposed modified Q-learning is smoother.
Moreover, it converges much faster to the stable state.
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Figure 8 Q-values of observation-action pair (000, 0).

5. CONCLUSIONS

In this paper, we present a novel on-line power management
technique using reinforcement learning. It learns the best power
management policy that gives the minimum power consumption
without knowing the workload information a priori. Our
experimental results show that, compared to the existing expert
based DPM, the proposed RL based power management adapts to
changing workload and finds better power-performance tradeoff
points.

6.
(1]

(2]

(3]

(4]

(3]

(7]

(8]

9]

[10]

(1]

[12]
[13]

[14]

[15]

(16]

REFERENCES

L. Benini, A. Bogliolo and G. De Micheli, “A survey of design
techniques for system-level dynamic power management,” /[EEE
Trans on VLSI, Vol. 8, Issue 3, pp.299-316, 2000.

C.H. Hwang, and A.C. Wu, “A predictive system shutdown method
for energy saving of event-driven computation,” in Proceedings of
International Conference on Computer-Aided Design, Nov. 1997.

M. Srivastava, A. Chandrakasan, and R. Brodersen, “Predictive
system shutdown and other architectural techniques for energy
efficient programmable computation,” IEEE transactions on Very
Large Scale Integration (VLSI) Systems, Vol. 4, pp. 42-55, Mar.
1996.

L. Benini, G. Paleologo, A. Bogliolo, and G. De Micheli, “Policy
optimization for dynamic power management,” /EEE transactions
on Computer-Aided Design, Vol. 18, pp. 813-833, Jun. 2001.

T. Simunic, L. Benini, and G. De Micheli, “Event-driven power
management,” [EEE Transactions on Computer-Aided Design of
Integrated Circuits and Systems, Vol. 20, pp. 840-857, Jul. 2001.

H. Jung, and M. Pedram, “Dynamic power management under
uncertain information,” in Proceedings of Design Automation & Test
in Europe (DATE07), Apr. 2007.

Q. Qiu, Y. Tan and Q. Wu, “Stochastic Modeling and Optimization
for Robust Power Management in a Partially Observable System,” in
Proceedings of Design Automation & Test in Europe (DATE’07),
Apr. 2007.

Y. Tan, and Q. Qiu, “A framework of stochastic power management
using hidden Markov model,” in Proceedings of Design Automation
& Test in Europe (DATE 08), Apr. 2008.

G. Theocharous, S. Mannor, N. Shah, P. Gandhi, B. Kveton, S.
Siddiqi, and C-H. Yu, “Machine Learning for Adaptive Power
Management,” Intel Technology Journal, Vol. 10, pp. 299-312,
November 2006.

G. Dhiman, and T. Simunic Rosing, “Dynamic power management
using machine learning,” in Proceedings of International Conference
on Computer-Aided Design (ICCAD 06), Nov. 2006.

V.L. Prabha and E. C. Monie, “Hardware Architecture of
Reinforcement Learning Scheme for Dynamic Power Management
in Embedded Systems,” EURASIP Journal on Embedded Systems,
Vol. 2007.

Dynamic Power Management in Embedded Systems

L. Benini, G. Paleologo, A. Bogliolo, and G. De Micheli, “Policy
optimization for dynamic power management,” [EEE Transactions
on Computer-Aided Design, Vol. 18, pp. 813-833, Jun. 1999.

G.V. Varatkar and R. Marculescu, “On-chip Traffic Modeling and
Synthesis for MPEG-2 Video Applications,” I[EEE Transactions on
Very Large Scale Intergration Systems, Vol. 12, No. 1, January
2004.

M. Pendrith, “On reinforcement learning of control actions in noisy
and nonMarkovian domains” Technical Report NSW-CSE-TR-9410,
School of Computer Science and Engineering, The University of
New South Wales, Sydney, Australia, 1994.

K. Sikorski and T. Balch, “Model-Based and Model-Free Learning
in Markovian and Non-Markovian Environments,” in Proceedings of
Agents-2001 Workshop on Learning Agents, May 29, 2001.




<<
  /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 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /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 false
  /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
    /AbadiMT-CondensedLight
    /ACaslon-Italic
    /ACaslon-Regular
    /ACaslon-Semibold
    /ACaslon-SemiboldItalic
    /AdobeArabic-Bold
    /AdobeArabic-BoldItalic
    /AdobeArabic-Italic
    /AdobeArabic-Regular
    /AdobeHebrew-Bold
    /AdobeHebrew-BoldItalic
    /AdobeHebrew-Italic
    /AdobeHebrew-Regular
    /AdobeHeitiStd-Regular
    /AdobeMingStd-Light
    /AdobeMyungjoStd-Medium
    /AdobePiStd
    /AdobeSansMM
    /AdobeSerifMM
    /AdobeSongStd-Light
    /AdobeThai-Bold
    /AdobeThai-BoldItalic
    /AdobeThai-Italic
    /AdobeThai-Regular
    /AGaramond-Bold
    /AGaramond-BoldItalic
    /AGaramond-Italic
    /AGaramond-Regular
    /AGaramond-Semibold
    /AGaramond-SemiboldItalic
    /AgencyFB-Bold
    /AgencyFB-Reg
    /AGOldFace-Outline
    /AharoniBold
    /Algerian
    /Americana
    /Americana-ExtraBold
    /AndaleMono
    /AndaleMonoIPA
    /AngsanaNew
    /AngsanaNew-Bold
    /AngsanaNew-BoldItalic
    /AngsanaNew-Italic
    /AngsanaUPC
    /AngsanaUPC-Bold
    /AngsanaUPC-BoldItalic
    /AngsanaUPC-Italic
    /Anna
    /ArialAlternative
    /ArialAlternativeSymbol
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialMT-Black
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /ArrusBT-Bold
    /ArrusBT-BoldItalic
    /ArrusBT-Italic
    /ArrusBT-Roman
    /AvantGarde-Book
    /AvantGarde-BookOblique
    /AvantGarde-Demi
    /AvantGarde-DemiOblique
    /AvantGardeITCbyBT-Book
    /AvantGardeITCbyBT-BookOblique
    /BakerSignet
    /BankGothicBT-Medium
    /Barmeno-Bold
    /Barmeno-ExtraBold
    /Barmeno-Medium
    /Barmeno-Regular
    /Baskerville
    /BaskervilleBE-Italic
    /BaskervilleBE-Medium
    /BaskervilleBE-MediumItalic
    /BaskervilleBE-Regular
    /Baskerville-Bold
    /Baskerville-BoldItalic
    /Baskerville-Italic
    /BaskOldFace
    /Batang
    /BatangChe
    /Bauhaus93
    /Bellevue
    /BellGothicStd-Black
    /BellGothicStd-Bold
    /BellGothicStd-Light
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlingAntiqua-Bold
    /BerlingAntiqua-BoldItalic
    /BerlingAntiqua-Italic
    /BerlingAntiqua-Roman
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BernhardModernBT-Bold
    /BernhardModernBT-BoldItalic
    /BernhardModernBT-Italic
    /BernhardModernBT-Roman
    /BiffoMT
    /BinnerD
    /BinnerGothic
    /BlackadderITC-Regular
    /Blackoak
    /Bodoni
    /Bodoni-Bold
    /Bodoni-BoldItalic
    /Bodoni-Italic
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /Bodoni-Poster
    /Bodoni-PosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /Bookman-Demi
    /Bookman-DemiItalic
    /Bookman-Light
    /Bookman-LightItalic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolOne-Regular
    /BookshelfSymbolSeven
    /BookshelfSymbolThree-Regular
    /BookshelfSymbolTwo-Regular
    /Botanical
    /Boton-Italic
    /Boton-Medium
    /Boton-MediumItalic
    /Boton-Regular
    /Boulevard
    /BradleyHandITC
    /Braggadocio
    /BritannicBold
    /Broadway
    /BrowalliaNew
    /BrowalliaNew-Bold
    /BrowalliaNew-BoldItalic
    /BrowalliaNew-Italic
    /BrowalliaUPC
    /BrowalliaUPC-Bold
    /BrowalliaUPC-BoldItalic
    /BrowalliaUPC-Italic
    /BrushScript
    /BrushScriptMT
    /CaflischScript-Bold
    /CaflischScript-Regular
    /Calibri
    /Calibri-Bold
    /Calibri-BoldItalic
    /Calibri-Italic
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Cambria
    /Cambria-Bold
    /Cambria-BoldItalic
    /Cambria-Italic
    /CambriaMath
    /Candara
    /Candara-Bold
    /Candara-BoldItalic
    /Candara-Italic
    /Carta
    /CaslonOpenfaceBT-Regular
    /Castellar
    /CastellarMT
    /Centaur
    /Centaur-Italic
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchL-Bold
    /CenturySchL-BoldItal
    /CenturySchL-Ital
    /CenturySchL-Roma
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /CGTimes-Bold
    /CGTimes-BoldItalic
    /CGTimes-Italic
    /CGTimes-Regular
    /CharterBT-Bold
    /CharterBT-BoldItalic
    /CharterBT-Italic
    /CharterBT-Roman
    /CheltenhamITCbyBT-Bold
    /CheltenhamITCbyBT-BoldItalic
    /CheltenhamITCbyBT-Book
    /CheltenhamITCbyBT-BookItalic
    /Chiller-Regular
    /CMB10
    /CMBSY10
    /CMBSY5
    /CMBSY6
    /CMBSY7
    /CMBSY8
    /CMBSY9
    /CMBX10
    /CMBX12
    /CMBX5
    /CMBX6
    /CMBX7
    /CMBX8
    /CMBX9
    /CMBXSL10
    /CMBXTI10
    /CMCSC10
    /CMCSC8
    /CMCSC9
    /CMDUNH10
    /CMEX10
    /CMEX7
    /CMEX8
    /CMEX9
    /CMFF10
    /CMFI10
    /CMFIB8
    /CMINCH
    /CMITT10
    /CMMI10
    /CMMI12
    /CMMI5
    /CMMI6
    /CMMI7
    /CMMI8
    /CMMI9
    /CMMIB10
    /CMMIB5
    /CMMIB6
    /CMMIB7
    /CMMIB8
    /CMMIB9
    /CMR10
    /CMR12
    /CMR17
    /CMR5
    /CMR6
    /CMR7
    /CMR8
    /CMR9
    /CMSL10
    /CMSL12
    /CMSL8
    /CMSL9
    /CMSLTT10
    /CMSS10
    /CMSS12
    /CMSS17
    /CMSS8
    /CMSS9
    /CMSSBX10
    /CMSSDC10
    /CMSSI10
    /CMSSI12
    /CMSSI17
    /CMSSI8
    /CMSSI9
    /CMSSQ8
    /CMSSQI8
    /CMSY10
    /CMSY5
    /CMSY6
    /CMSY7
    /CMSY8
    /CMSY9
    /CMTCSC10
    /CMTEX10
    /CMTEX8
    /CMTEX9
    /CMTI10
    /CMTI12
    /CMTI7
    /CMTI8
    /CMTI9
    /CMTT10
    /CMTT12
    /CMTT8
    /CMTT9
    /CMU10
    /CMVTT10
    /ColonnaMT
    /Colossalis-Bold
    /ComicSansMS
    /ComicSansMS-Bold
    /Consolas
    /Consolas-Bold
    /Consolas-BoldItalic
    /Consolas-Italic
    /Constantia
    /Constantia-Bold
    /Constantia-BoldItalic
    /Constantia-Italic
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /Copperplate-ThirtyThreeBC
    /Corbel
    /Corbel-Bold
    /Corbel-BoldItalic
    /Corbel-Italic
    /CordiaNew
    /CordiaNew-Bold
    /CordiaNew-BoldItalic
    /CordiaNew-Italic
    /CordiaUPC
    /CordiaUPC-Bold
    /CordiaUPC-BoldItalic
    /CordiaUPC-Italic
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Courier-Oblique
    /CourierStd
    /CourierStd-Bold
    /CourierStd-BoldOblique
    /CourierStd-Oblique
    /CourierX-Bold
    /CourierX-BoldOblique
    /CourierX-Oblique
    /CourierX-Regular
    /CreepyRegular
    /CurlzMT
    /David-Bold
    /David-Reg
    /DavidTransparent
    /Desdemona
    /DilleniaUPC
    /DilleniaUPCBold
    /DilleniaUPCBoldItalic
    /DilleniaUPCItalic
    /Dingbats
    /DomCasual
    /Dotum
    /DotumChe
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversGothicBT-Regular
    /EngraversMT
    /EraserDust
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /ErieBlackPSMT
    /ErieLightPSMT
    /EriePSMT
    /EstrangeloEdessa
    /Euclid
    /Euclid-Bold
    /Euclid-BoldItalic
    /EuclidExtra
    /EuclidExtra-Bold
    /EuclidFraktur
    /EuclidFraktur-Bold
    /Euclid-Italic
    /EuclidMathOne
    /EuclidMathOne-Bold
    /EuclidMathTwo
    /EuclidMathTwo-Bold
    /EuclidSymbol
    /EuclidSymbol-Bold
    /EuclidSymbol-BoldItalic
    /EuclidSymbol-Italic
    /EucrosiaUPC
    /EucrosiaUPCBold
    /EucrosiaUPCBoldItalic
    /EucrosiaUPCItalic
    /EUEX10
    /EUEX7
    /EUEX8
    /EUEX9
    /EUFB10
    /EUFB5
    /EUFB7
    /EUFM10
    /EUFM5
    /EUFM7
    /EURB10
    /EURB5
    /EURB7
    /EURM10
    /EURM5
    /EURM7
    /EuroMono-Bold
    /EuroMono-BoldItalic
    /EuroMono-Italic
    /EuroMono-Regular
    /EuroSans-Bold
    /EuroSans-BoldItalic
    /EuroSans-Italic
    /EuroSans-Regular
    /EuroSerif-Bold
    /EuroSerif-BoldItalic
    /EuroSerif-Italic
    /EuroSerif-Regular
    /EuroSig
    /EUSB10
    /EUSB5
    /EUSB7
    /EUSM10
    /EUSM5
    /EUSM7
    /FelixTitlingMT
    /Fences
    /FencesPlain
    /FigaroMT
    /FixedMiriamTransparent
    /FootlightMTLight
    /Formata-Italic
    /Formata-Medium
    /Formata-MediumItalic
    /Formata-Regular
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothicITCbyBT-Book
    /FranklinGothicITCbyBT-BookItal
    /FranklinGothicITCbyBT-Demi
    /FranklinGothicITCbyBT-DemiItal
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FrankRuehl
    /FreesiaUPC
    /FreesiaUPCBold
    /FreesiaUPCBoldItalic
    /FreesiaUPCItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Frutiger-Black
    /Frutiger-BlackCn
    /Frutiger-BlackItalic
    /Frutiger-Bold
    /Frutiger-BoldCn
    /Frutiger-BoldItalic
    /Frutiger-Cn
    /Frutiger-ExtraBlackCn
    /Frutiger-Italic
    /Frutiger-Light
    /Frutiger-LightCn
    /Frutiger-LightItalic
    /Frutiger-Roman
    /Frutiger-UltraBlack
    /Futura-Bold
    /Futura-BoldOblique
    /Futura-Book
    /Futura-BookOblique
    /FuturaBT-Bold
    /FuturaBT-BoldItalic
    /FuturaBT-Book
    /FuturaBT-BookItalic
    /FuturaBT-Medium
    /FuturaBT-MediumItalic
    /Futura-Light
    /Futura-LightOblique
    /GalliardITCbyBT-Bold
    /GalliardITCbyBT-BoldItalic
    /GalliardITCbyBT-Italic
    /GalliardITCbyBT-Roman
    /Garamond
    /Garamond-Bold
    /Garamond-BoldCondensed
    /Garamond-BoldCondensedItalic
    /Garamond-BoldItalic
    /Garamond-BookCondensed
    /Garamond-BookCondensedItalic
    /Garamond-Italic
    /Garamond-LightCondensed
    /Garamond-LightCondensedItalic
    /Gautami
    /GeometricSlab703BT-Light
    /GeometricSlab703BT-LightItalic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /GeorgiaRef
    /Giddyup
    /Giddyup-Thangs
    /Gigi-Regular
    /GillSans
    /GillSans-Bold
    /GillSans-BoldItalic
    /GillSans-Condensed
    /GillSans-CondensedBold
    /GillSans-Italic
    /GillSans-Light
    /GillSans-LightItalic
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GloucesterMT-ExtraCondensed
    /Gothic-Thirteen
    /GoudyOldStyleBT-Bold
    /GoudyOldStyleBT-BoldItalic
    /GoudyOldStyleBT-Italic
    /GoudyOldStyleBT-Roman
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /GoudyTextMT-LombardicCapitals
    /GSIDefaultSymbols
    /Gulim
    /GulimChe
    /Gungsuh
    /GungsuhChe
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /Helvetica
    /Helvetica-Black
    /Helvetica-BlackOblique
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Condensed
    /Helvetica-Condensed-Black
    /Helvetica-Condensed-BlackObl
    /Helvetica-Condensed-Bold
    /Helvetica-Condensed-BoldObl
    /Helvetica-Condensed-Light
    /Helvetica-Condensed-LightObl
    /Helvetica-Condensed-Oblique
    /Helvetica-Fraction
    /Helvetica-Narrow
    /Helvetica-Narrow-Bold
    /Helvetica-Narrow-BoldOblique
    /Helvetica-Narrow-Oblique
    /Helvetica-Oblique
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Humanist521BT-BoldCondensed
    /Humanist521BT-Light
    /Humanist521BT-LightItalic
    /Humanist521BT-RomanCondensed
    /Imago-ExtraBold
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /IrisUPC
    /IrisUPCBold
    /IrisUPCBoldItalic
    /IrisUPCItalic
    /Ironwood
    /ItcEras-Medium
    /ItcKabel-Bold
    /ItcKabel-Book
    /ItcKabel-Demi
    /ItcKabel-Medium
    /ItcKabel-Ultra
    /JasmineUPC
    /JasmineUPC-Bold
    /JasmineUPC-BoldItalic
    /JasmineUPC-Italic
    /JoannaMT
    /JoannaMT-Italic
    /Jokerman-Regular
    /JuiceITC-Regular
    /Kartika
    /Kaufmann
    /KaufmannBT-Bold
    /KaufmannBT-Regular
    /KidTYPEPaint
    /KinoMT
    /KodchiangUPC
    /KodchiangUPC-Bold
    /KodchiangUPC-BoldItalic
    /KodchiangUPC-Italic
    /KorinnaITCbyBT-Regular
    /KozGoProVI-Medium
    /KozMinProVI-Regular
    /KristenITC-Regular
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothic
    /LetterGothic-Bold
    /LetterGothic-BoldOblique
    /LetterGothic-BoldSlanted
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LetterGothic-Slanted
    /LetterGothicStd
    /LetterGothicStd-Bold
    /LetterGothicStd-BoldSlanted
    /LetterGothicStd-Slanted
    /LevenimMT
    /LevenimMTBold
    /LilyUPC
    /LilyUPCBold
    /LilyUPCBoldItalic
    /LilyUPCItalic
    /Lithos-Black
    /Lithos-Regular
    /LotusWPBox-Roman
    /LotusWPIcon-Roman
    /LotusWPIntA-Roman
    /LotusWPIntB-Roman
    /LotusWPType-Roman
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Lydian
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /Map-Symbols
    /MathA
    /MathB
    /MathC
    /Mathematica1
    /Mathematica1-Bold
    /Mathematica1Mono
    /Mathematica1Mono-Bold
    /Mathematica2
    /Mathematica2-Bold
    /Mathematica2Mono
    /Mathematica2Mono-Bold
    /Mathematica3
    /Mathematica3-Bold
    /Mathematica3Mono
    /Mathematica3Mono-Bold
    /Mathematica4
    /Mathematica4-Bold
    /Mathematica4Mono
    /Mathematica4Mono-Bold
    /Mathematica5
    /Mathematica5-Bold
    /Mathematica5Mono
    /Mathematica5Mono-Bold
    /Mathematica6
    /Mathematica6Bold
    /Mathematica6Mono
    /Mathematica6MonoBold
    /Mathematica7
    /Mathematica7Bold
    /Mathematica7Mono
    /Mathematica7MonoBold
    /MatisseITC-Regular
    /MaturaMTScriptCapitals
    /Mesquite
    /Mezz-Black
    /Mezz-Regular
    /MICR
    /MicrosoftSansSerif
    /MingLiU
    /Minion-BoldCondensed
    /Minion-BoldCondensedItalic
    /Minion-Condensed
    /Minion-CondensedItalic
    /Minion-Ornaments
    /MinionPro-Bold
    /MinionPro-BoldIt
    /MinionPro-It
    /MinionPro-Regular
    /MinionPro-Semibold
    /MinionPro-SemiboldIt
    /Miriam
    /MiriamFixed
    /MiriamTransparent
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MonotypeSorts
    /MSAM10
    /MSAM5
    /MSAM6
    /MSAM7
    /MSAM8
    /MSAM9
    /MSBM10
    /MSBM5
    /MSBM6
    /MSBM7
    /MSBM8
    /MSBM9
    /MS-Gothic
    /MSHei
    /MSLineDrawPSMT
    /MS-Mincho
    /MSOutlook
    /MS-PGothic
    /MS-PMincho
    /MSReference1
    /MSReference2
    /MSReferenceSansSerif
    /MSReferenceSansSerif-Bold
    /MSReferenceSansSerif-BoldItalic
    /MSReferenceSansSerif-Italic
    /MSReferenceSerif
    /MSReferenceSerif-Bold
    /MSReferenceSerif-BoldItalic
    /MSReferenceSerif-Italic
    /MSReferenceSpecialty
    /MSSong
    /MS-UIGothic
    /MT-Extra
    /MT-Symbol
    /MT-Symbol-Italic
    /MVBoli
    /Myriad-Bold
    /Myriad-BoldItalic
    /Myriad-Italic
    /MyriadPro-Black
    /MyriadPro-BlackIt
    /MyriadPro-Bold
    /MyriadPro-BoldIt
    /MyriadPro-It
    /MyriadPro-Light
    /MyriadPro-LightIt
    /MyriadPro-Regular
    /MyriadPro-Semibold
    /MyriadPro-SemiboldIt
    /Myriad-Roman
    /Narkisim
    /NewCenturySchlbk-Bold
    /NewCenturySchlbk-BoldItalic
    /NewCenturySchlbk-Italic
    /NewCenturySchlbk-Roman
    /NewMilleniumSchlbk-BoldItalicSH
    /NewsGothic
    /NewsGothic-Bold
    /NewsGothicBT-Bold
    /NewsGothicBT-BoldItalic
    /NewsGothicBT-Italic
    /NewsGothicBT-Roman
    /NewsGothic-Condensed
    /NewsGothic-Italic
    /NewsGothicMT
    /NewsGothicMT-Bold
    /NewsGothicMT-Italic
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NimbusMonL-Bold
    /NimbusMonL-BoldObli
    /NimbusMonL-Regu
    /NimbusMonL-ReguObli
    /NimbusRomNo9L-Medi
    /NimbusRomNo9L-MediItal
    /NimbusRomNo9L-Regu
    /NimbusRomNo9L-ReguItal
    /NimbusSanL-Bold
    /NimbusSanL-BoldCond
    /NimbusSanL-BoldCondItal
    /NimbusSanL-BoldItal
    /NimbusSanL-Regu
    /NimbusSanL-ReguCond
    /NimbusSanL-ReguCondItal
    /NimbusSanL-ReguItal
    /Nimrod
    /Nimrod-Bold
    /Nimrod-BoldItalic
    /Nimrod-Italic
    /NSimSun
    /Nueva-BoldExtended
    /Nueva-BoldExtendedItalic
    /Nueva-Italic
    /Nueva-Roman
    /NuptialScript
    /OCRA
    /OCRA-Alternate
    /OCRAExtended
    /OCRB
    /OCRB-Alternate
    /OfficinaSans-Bold
    /OfficinaSans-BoldItalic
    /OfficinaSans-Book
    /OfficinaSans-BookItalic
    /OfficinaSerif-Bold
    /OfficinaSerif-BoldItalic
    /OfficinaSerif-Book
    /OfficinaSerif-BookItalic
    /OldEnglishTextMT
    /Onyx
    /OnyxBT-Regular
    /OzHandicraftBT-Roman
    /PalaceScriptMT
    /Palatino-Bold
    /Palatino-BoldItalic
    /Palatino-Italic
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Palatino-Roman
    /PapyrusPlain
    /Papyrus-Regular
    /Parchment-Regular
    /Parisian
    /ParkAvenue
    /Penumbra-SemiboldFlare
    /Penumbra-SemiboldSans
    /Penumbra-SemiboldSerif
    /PepitaMT
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /PhotinaCasualBlack
    /Playbill
    /PMingLiU
    /Poetica-SuppOrnaments
    /PoorRichard-Regular
    /PopplLaudatio-Italic
    /PopplLaudatio-Medium
    /PopplLaudatio-MediumItalic
    /PopplLaudatio-Regular
    /PrestigeElite
    /Pristina-Regular
    /PTBarnumBT-Regular
    /Raavi
    /RageItalic
    /Ravie
    /RefSpecialty
    /Ribbon131BT-Bold
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /Rockwell-Light
    /Rockwell-LightItalic
    /Rod
    /RodTransparent
    /RunicMT-Condensed
    /Sanvito-Light
    /Sanvito-Roman
    /ScriptC
    /ScriptMTBold
    /SegoeUI
    /SegoeUI-Bold
    /SegoeUI-BoldItalic
    /SegoeUI-Italic
    /Serpentine-BoldOblique
    /ShelleyVolanteBT-Regular
    /ShowcardGothic-Reg
    /Shruti
    /SimHei
    /SimSun
    /SnapITC-Regular
    /StandardSymL
    /Stencil
    /StoneSans
    /StoneSans-Bold
    /StoneSans-BoldItalic
    /StoneSans-Italic
    /StoneSans-Semibold
    /StoneSans-SemiboldItalic
    /Stop
    /Swiss721BT-BlackExtended
    /Sylfaen
    /Symbol
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Tci1
    /Tci1Bold
    /Tci1BoldItalic
    /Tci1Italic
    /Tci2
    /Tci2Bold
    /Tci2BoldItalic
    /Tci2Italic
    /Tci3
    /Tci3Bold
    /Tci3BoldItalic
    /Tci3Italic
    /Tci4
    /Tci4Bold
    /Tci4BoldItalic
    /Tci4Italic
    /TechnicalItalic
    /TechnicalPlain
    /Tekton
    /Tekton-Bold
    /TektonMM
    /Tempo-HeavyCondensed
    /Tempo-HeavyCondensedItalic
    /TempusSansITC
    /Times-Bold
    /Times-BoldItalic
    /Times-BoldItalicOsF
    /Times-BoldSC
    /Times-ExtraBold
    /Times-Italic
    /Times-ItalicOsF
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Times-RomanSC
    /Trajan-Bold
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-CondensedMedium
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Univers-Bold
    /Univers-BoldItalic
    /UniversCondensed-Bold
    /UniversCondensed-BoldItalic
    /UniversCondensed-Medium
    /UniversCondensed-MediumItalic
    /Univers-Medium
    /Univers-MediumItalic
    /URWBookmanL-DemiBold
    /URWBookmanL-DemiBoldItal
    /URWBookmanL-Ligh
    /URWBookmanL-LighItal
    /URWChanceryL-MediItal
    /URWGothicL-Book
    /URWGothicL-BookObli
    /URWGothicL-Demi
    /URWGothicL-DemiObli
    /URWPalladioL-Bold
    /URWPalladioL-BoldItal
    /URWPalladioL-Ital
    /URWPalladioL-Roma
    /USPSBarCode
    /VAGRounded-Black
    /VAGRounded-Bold
    /VAGRounded-Light
    /VAGRounded-Thin
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VerdanaRef
    /VinerHandITC
    /Viva-BoldExtraExtended
    /Vivaldii
    /Viva-LightCondensed
    /Viva-Regular
    /VladimirScript
    /Vrinda
    /Webdings
    /Westminster
    /Willow
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /WNCYB10
    /WNCYI10
    /WNCYR10
    /WNCYSC10
    /WNCYSS10
    /WoodtypeOrnaments-One
    /WoodtypeOrnaments-Two
    /WP-ArabicScriptSihafa
    /WP-ArabicSihafa
    /WP-BoxDrawing
    /WP-CyrillicA
    /WP-CyrillicB
    /WP-GreekCentury
    /WP-GreekCourier
    /WP-GreekHelve
    /WP-HebrewDavid
    /WP-IconicSymbolsA
    /WP-IconicSymbolsB
    /WP-Japanese
    /WP-MathA
    /WP-MathB
    /WP-MathExtendedA
    /WP-MathExtendedB
    /WP-MultinationalAHelve
    /WP-MultinationalARoman
    /WP-MultinationalBCourier
    /WP-MultinationalBHelve
    /WP-MultinationalBRoman
    /WP-MultinationalCourier
    /WP-Phonetic
    /WPTypographicSymbols
    /XYATIP10
    /XYBSQL10
    /XYBTIP10
    /XYCIRC10
    /XYCMAT10
    /XYCMBT10
    /XYDASH10
    /XYEUAT10
    /XYEUBT10
    /ZapfChancery-MediumItalic
    /ZapfDingbats
    /ZapfHumanist601BT-Bold
    /ZapfHumanist601BT-BoldItalic
    /ZapfHumanist601BT-Demi
    /ZapfHumanist601BT-DemiItalic
    /ZapfHumanist601BT-Italic
    /ZapfHumanist601BT-Roman
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /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 <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e5c4f5e55663e793a3001901a8fc775355b5090ae4ef653d190014ee553ca901a8fc756e072797f5153d15e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc87a25e55986f793a3001901a904e96fb5b5090f54ef650b390014ee553ca57287db2969b7db28def4e0a767c5e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020d654ba740020d45cc2dc002c0020c804c7900020ba54c77c002c0020c778d130b137c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor weergave op een beeldscherm, e-mail en internet. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for on-screen display, e-mail, and the Internet.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing false
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


