
Computing for Control and Control for Computing

Xinkai Zhang
Department of Electrical and Computer Engineering

University of Nebraska-Lincoln
Lincoln, USA

xinkai.zhang@huskers.unl.edu

Justin Bradley
Department of Computer Science and Engineering

University of Nebraska-Lincoln
Lincoln, USA

jbradley@cse.unl.edu

Abstract—Computing can be thought of as a service provided to
a system to yield actionable tasks enacted by physical hardware.
But rarely is control thought to be in the service of enhancing
computation. Consideration of that perspective is what motivates
co-regulation, our framework for holistic cyber-physical control
of autonomous vehicles. In this paper we elaborate on how
co-regulation will enable the next generation of autonomous
vehicles precisely because it considers computation as an enabler
and consumer of autonomous behavior. We report on the latest
advances in this space showing how co-regulation exceeds results
in event-triggered, self-triggered, and fixed-rate control strategies
yielding more robustness and adaptivity to changing and uncertain
conditions – a requirement for next-gen autonomous vehicles. We
then describe a co-regulated decision making algorithm based
on Markov Decision Processes showing how full consideration of
computational resource allocation can increase decision-making
capabilities in uncertain environments.

Index Terms—co-regulation, time-varying sampling, resource-
aware control, planning, markov decision processes

I. INTRODUCTION

In computationally-controlled vehicles, computation has long
been thought of as a service, providing control inputs, de-
cisions, plans, processing images, and otherwise serving the
needs of locomoting the vehicle. Designers of planning, naviga-
tion, control, and perception algorithms make designs assuming
computational quality of service requirements will consistently
be met. The guaranteed deadlines serve as important assump-
tions in performance guarantees in those designs [1]. The larger
goals being served by the vehicle are typically prescribed by
users somewhere in the loop.

However, vehicles, robotics, and other Cyber-Physical Sys-
tems (CPS) are increasingly imbued with the ability to perceive,
decide, and with varying levels of autonomy, utilize their phys-
ical mechanisms to augment goals, make appropriate decisions,
and advance their mission. This suggests that the physical
mechanism, its control, planning, navigation, and perception
algorithms can also be thought of as a service. Thinking of
autonomy as a service mirrors the human-based autonomic
system that regulates body functions in response to stimuli
and other largely unconscious phenomena [2]. In serving the
unconscious goals of the body the human autonomic system
adjusts its performance including breathing, cardiac regulation,
vasoconstriction, and reflexes [3]. These performance adjust-
ments reallocate blood and other resources where they are
needed.

This work was supported in part by USDA-NIFA 2017-67021-25924.

If robotics, autonomous vehicles, and other CPS are to
increase their capabilities, and abstract to higher functioning
they will need similar structures capable of adjusting perfor-
mance and reallocating resources as needed. It is with this
in mind that we imagine control and planning as a service
for computation, adjusting performance through reallocating
resources as needed.

In this work we present two examples of how this could
work. In the first example we describe a novel concept we
have developed and matured called “co-regulation” [4], [5].
Co-regulation augments a traditional control model with a
computational model allowing for a co-designed controller
to adjust control performance and computational resources
simultaneously, and with O(1) complexity. Co-regulation has
been impactful in the CPS, control, and real-time communities
being adopted for both research [6]–[9] and deployment [10]–
[14]. We also have applied this to many systems [4], [5],
[15], multi-agent control systems [16], [17], and most recently
have hand-designed, co-regulated controllers for a multicopter
Unmanned Aircraft Systems (UAS) [18], with provable perfor-
mance guarantees [19].

In the second example we describe preliminary work on
a co-regulated decision-making algorithm based on Markov
Decision Processes (MDP) allowing “recursively optimal” de-
cisions to be made as resources are available. To accomplish
this we introduce a new concept called a “variable resolution
horizon” wherein a state space is rediscretized where valuable
information is most likely to be obtained improving decision-
making with limited computational resources.

II. CO-REGULATED CONTROL

Most computer-controlled systems are distributed systems
consisting of multiple nodes being executed by a microproces-
sor with a real-time operating system [20]. The operating sys-
tem typically uses multiprogramming to multiplex the execution
of the various tasks. The CPU time and the communication
bandwidth can hence be viewed as shared resources for which
the tasks compete [20].

To create the next generation of autonomous vehicles capable
of adapting to a wide-range of conditions, conduct varied
missions, and remain safe we must design systems that can
dynamically adjust behavior and resources to match. This will
require new, holistic models and analysis that link together
characteristics of computing, control, and communication and
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provide provable performance guarantees. To enable this we in-
troduce a novel, resource-aware control strategy, co-regulation,
which is a coupled strategy wherein a traditional controller’s
desired performance (e.g., transient control response) is fur-
ther adjusted by regulating or reallocating a linked resource
(e.g., task execution rate) through feedback depending on
computational requirements, system states, and surrounding
environments. We show how this strategy relates to fixed-
rate, event-triggered, and self-triggered sampling strategies. A
comparative test of different sampling strategies on an inverted
pendulum control problem is presented to analyze the control
performances and resource utilization of each strategy.

A. Overview of Different Sampling Strategies

For control task, allocating computational resources takes the
form of different sampling strategies resulting in the sampled-
data control class of systems [21]. Fixed-resource/periodic de-
sign (ideally) guarantees a certain level of system performance
and robustness – but comes at a steep cost of inflexibility and
wasted resources. The fixed allocated resource are calculated
offline and are developed for the estimated worst-case noise,
obstacle, and maneuver scenarios [22]. For example, controllers
are designed to meet margins of stability, transient response,
and steady-state requirements, then implemented assuming a
fixed rate [23]. If the holistic system and environment exceed
the margins, sensitivity, or timing limits, performance and
safety are no longer guaranteed [20]. This means, at best, re-
duced system efficiency or perhaps mission failure, but at worst,
means instability or system failure in response to unanticipated
circumstances. To achieve good system performances, mission-
critical tasks should be executed at high rates to meet the
desired precision. As a result, computing resources are wasted
when the system states are far from worst-case situations.

Motivation from inefficient allocation of resources led to
aperiodic sampling strategies, exemplified by event-triggered
control where sensing and actuation is performed when needed.
In event-triggered control a triggering condition is continuously
monitored and when violated, a sampling and control cycle
is executed [24]. These strategies can greatly conserve com-
putational resources but suffer from the disadvantages of all
event-triggered systems – that lack of new information cannot
be distinguished from failure in detecting/communicating the
event [25]. This limits robustness of this control strategy to
changing environmental and network conditions and also results
in difficulty developing a mathematical foundation for this
class of controllers [26]. The research in self-triggered control
provide a new type of sampling strategy, time-varying periodic
sampling. This reaps design benefits of periodic strategies, but
because sampling period changes it conserves computational re-
sources much like aperiodic control strategies. In self-triggered
control the next update time is precomputed during the control
update based on predictions using previously received data and
knowledge of system dynamics [24].

B. Co-regulated Control Strategy

Cyber-physical co-regulation is a new hybrid time-varying
periodic sampling strategy that can dynamically vary the sam-

pling period at runtime depending on computing demands and
system state feedback [4]. The sampling rate and control inputs
were simultaneously changed to adjust overall system perfor-
mance. Figure 1 shows the co-regulation method developed for
quadrotor UAS control in our previous work [18], where output
from a computational model representing sampling rate is fed to
the physical controller (wide-dashed line) which adjusts phys-
ical system performance accordingly. Simultaneously, output
from the physical plant is fed to the computational controller
(narrow-dashed line) which adjusts sampling rate in response to
physical performance. The computational controller increases
the sampling rate when physical state error becomes higher,
and decrease the sampling rate when error drops.

Fig. 1: Co-regulation Block Diagram [18]

The co-regulated system can be described by a stacked state-
space system model, where we augment a traditional state space
control model with a model of the computational control task

ẋ = Ax+Bu

ẋc = uc

(1)

where subscripts c represents “computational”. In this case, xc

denotes the control task execution rate of the physical system,
which is regulated by the computational control input uc.

Since the sampling rate dynamically changed at discrete
intervals, the system matrices Φp and Γp become functions
of the time step k as they must be recalculated as the sampling
rate varies. The resulting discrete-time-varying system model
with respect to time step k is then,

x[k + 1] = Φ[k]x[k] + Γ[k]u[k] (2)

and the control input is

u[k] = −K[k]x[k] (3)

To design the controller we employ a series of discrete optimal
control gain matrices (DLQR) [21] for a sequence of sampling
rates. The actual controller used is then “gain scheduled”
corresponding to the current sampling rate. We call this a
“Gain-Scheduled DLQR” control design [18]. Stability of the
resulting co-regulated system was shown in [19].

Also, co-regulation needs to know when to take the next
sample. We frame this as a feedback computational controller
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(a) Fixed-periodic DLQR (b) Event-triggered control (c) Self-triggered control (d) Co-regulation

Fig. 2: Performance Comparison of fixed-periodic, event-triggered, self-triggered control, and co-regulation.

to calculate the coupled control input uc, which adjusts the
sampling rate, in real time, as the dynamics of the system
change. In previous work [18] we presented a computational
system control law as

uc[k] = Kcp (x[k]− xref [k])−Kc (xc[k]− xc,ref [k]) . (4)

The coupling gain, Kcp, is used to increase the sampling
rate of the system in response to physical state error. The
gain, Kc, drives xc toward the desired reference sampling rate
xc,ref . To find appropriate values for Kcp and Kc, we employ
an optimization scheme presented in [18]. Hence at current
sampling instance k, the discrete-time computational system
model can be denoted as

xc[k + 1] = xc[k] +
1

xc[k]
uc[k]. (5)

Hence the next sampling instance time can be calculated by
Equations (4) and (5) based on the current state of the plant.

C. Comparative Test of Different sampling strategies

We conduct the comparison test of different sampling strate-
gies by building a nonlinear simulation for an inverted pendu-
lum system. The inverted pendulum is a simple and unstable
system that requires control for stabilization, thus it has been
widely used as a benchmark in control related research. The
states of the system x = [θ, θ̇]T are the angle and angular
velocity of the pendulum, the control input u = τ is the applied
torque. The nonlinear system model can be described by

θ̈ = − g

l sin θ
+

τ

ml2
, (6)

where g = 9.8m/s2 is the gravity acceleration, m = 1kg is
the point mass, and l = 1m is the length of the massless rigid
rod. The inverted pendulum model can be linearized as

ẋ =

[
0 1
9.8 0

]
x+

[
0
1

]
u. (7)

We design fixed-periodic, event-triggered, self-triggered, and
co-regulation controllers for this inverted pendulum model to
compare and analyze the computational and physical control
performances.

To analyze the influences from computing and timing, the
controllers are all designed based on a unified optimal DLQR
control algorithm. The control parameters were manually tuned
for performance as Q = 100 ∗ I2×2 and R = 10 since they can
provide fast state converging. For fixed-periodic control, the
sampling rate is set to 10Hz as it could provide a sufficient
control performance for this inverted pendulum system. For
event-triggered control and self-triggered control, the internal
sampling interval Td is set to 10Hz. The event-triggered control
algorithm is adapted from [27] to our inverted pendulum
system. This algorithm updates the control signal once a the
plant state deviates more than a certain threshold from a
desired value. The self-triggered control algorithm is leveraged
from [27]. This algorithm decides the next control updates
at the previous ones, thus relaxing the need for continuous
monitoring of the measurement error.

We conduct the comparison test in Matlab and evaluate
the results based on the nonlinear inverted pendulum system
response. The total time for each simulation test is set to
8 s. The initial states of the inverted pendulum is set as
xinit = [160, 0]T . The state reference is set to xref = [200, 0]T

for time 0 s− 3 s, and xref = [160, 0]T for time 3 s− 8 s.

Figure 2 illustrate a favorable comparison of system perfor-
mances from different sampling and control strategies. In gen-
eral, fixed-periodic controller can provide the ”gold standard”
of control performance with a high computational resource
utilization. Thus a closer performance to the fixed-periodic
DLQR denotes better control. The sampling & control instances
denotes the resource utilization for each strategy, where sparser
instances indicates better computational efficiency. When com-
pared with fixed-periodic DLQR controller (Figure 2a), the
event-triggered control (Figure 2b) can save computing re-
sources by reducing the number of control instances, but
physical control performance is significantly degraded. Settling
time of the event-triggered controller is 30% longer than
fixed-periodic DLQR controller, along with a 87.5% higher
overshoot. The self-triggered control (Figure 2c) can save more
computing resources by reducing the number of both sampling
instances and control instances. Performance of self-triggered
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control is better than event-triggered control. Settling time is
approximately the same as fixed-periodic controller, but the
overshoot of the self-triggered control is 20% higher.

The co-regulated controller (Figure 2d) provides significant
improvements in system performances. The co-regulated sys-
tem can achieve nearly identical physical control performance
as the fixed-periodic control with higher sampling rates, which
preserves advantages when compared with event-triggered and
self-triggered controllers. Also, co-regulated system results in
the least number of sampling and control instances among all
four strategies, denotes the highest computational efficiency.

III. CO-REGULATED PLANNING

In deployed autonomous vehicles control, planning, per-
ception, reasoning, learning, user interaction, and many other
algorithms are required to create the kind of nextgen ve-
hicles envisioned [28]. Co-regulation, while a demonstrated
technology, only addresses low-level motion control of an
autonomous vehicle. Planning for autonomous vehicles takes
many forms including optimal control, graph search, automata,
and monte carlo methods, each having various strengths and
weaknesses [29], [30]. However, a common, shared weakness
is the typically large computational resources required to find
optimal solutions. Suboptimal, but complete, planners exist,
such as rapidly exploring random trees and their variants, and
play a critical role particularly in modern UAS autonomy [31]–
[33]. The difficulty in creating feasible paths at runtime means
the vast majority of commercial autopilots for both fixed-wing
and rotorcraft UAS rely on the user to select waypoints which
the UAS will then follow using a trajectory generation strategy
(e.g., Dubins paths [34]).

Here, we introduce preliminary work on a co-regulated
planner based on Markov Decision Processes (MDPs) capable
of finding recursively optimal solutions to decision-making
and planning problems given available computing resources.
This, combined with co-regulated controllers will culminate in
control and planning algorithms that adjust performance in re-
sponse to uncertainty in environmental conditions, reallocating
resources where they are most needed.

A. Markov Decision Processes

Similar to co-regulated control we need two things to build
a co-regulated planner: 1) a performance-adjustable planning
algorithm, and 2) a corresponding cyber controller. To make
performance-adjustable planning algorithms that can be co-
regulated alongside resources we seek modeling paradigms that
can be solved iteratively, over time, similar to anytime algo-
rithms [35]–[38]. This is especially appropriate for autonomous
vehicles where new goals, hazards, or conditions can appear
suddenly and the ability to adapt to them is imperative.

Markov Decision Processes (MDPs) are a widely explored,
discrete stochastic control framework for solving decision-
making and optimal control problems [29]. MDPs are described
as a set of states (S), actions (A), transitions (P ), and rewards
(R). For each s ∈ S and a ∈ A there is a transition probability
from one state to another represented by P (s′|s, a) where s′ is
the resultant state. For each state, action pair a reward matrix,

R(s′|s, a), is defined which gives value to each transition. The
solution to the MDP is a policy π : state −→ action that
prescribes an action to select in each step which maximizes
the infinite-horizon reward.

Fig. 3: Rediscretization of MDP state space

MDPs are traditionally solved offline resulting in an optimal
policy which can be put into a lookup table and used for
online decision making. However, their usefulness is limited by
exponential state space growth sometimes rendering the MDP
unsolvable by current computing resources [39] let alone at
runtime. As a result, researchers have developed tools to reduce
the state space and therefore computing resources necessary to
solve for the optimal policy [40], [41]. MDP factorizations [42],
[43], abstract MDPs [44], and hierarchical MDPs [45] all seek
to reduce the state space making the MDP solvable with fewer
computational resources – but still not iteratively solvable and
hence unable to give back computational resources.

B. Variable Resolution Horizon MDPs

Fig. 4: Performance of VRH MDPs

Like many planning algorithms, the quality of the resulting
plan correlates closely with model fidelity and available com-
puting resources. We directly address this through a strategy
wherein the model is regularly rediscretized according to in-
formational proximity and utility [46], thereby shrinking and
expanding the model to maintain higher fidelity as needed,
while a receding horizon keeps the MDP solvable with available
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onboard computing resources (Figure 3). The variable resolu-
tion horizon (VRH) MDP is solved iteratively and available
computational resources determine the length of the horizon
and courseness of the rediscretization, thereby determining
solution quality. The result is a performance-adjustable MDP
planner providing “recursively optimal” [44] solutions. Figure 4
shows a preliminary exploration of this idea demonstrating that
the VRH MDP proposed has only a 5% reduction in expected
reward compared to a fully modeled, “flat optimal” MDP [44],
but is computationally much simpler.

C. Co-regulated MDPs

With a performance-adjustable planner a corresponding cy-
ber controller to reallocate resources based on performance
is needed to complete a “co-regulated planner” design. In
co-regulated control, the cyber controller allocates up to a
maximum control sampling rate to the controller. Similarly,
a cyber controller for a co-regulated planner needs to know
how far out the planner must plan. Many vehicle missions or
objectives can be broken into phases with varying intensity
that tax different parts of the system. In steady flight, for
example, 3-4 waypoints is a sufficient planning horizon for
transport. But other phases of a mission may require intense
planning based on more precise movements, or consider more
environmental factors. This, in turn should modify the length of
the planning horizon. We are currently working to address this
need through the use of new metrics that measure the combined
urgency of mission, environment, and upcoming mission phases
are applying to the planning algorithm. As an example, high
planner urgency would be composed of upcoming mission
tasks and their intensity, control performance (good control
performance implies less need to replan), and environmental
factors. Allocation of computing resources are then computed
by the corresponding cyber controller in response to this plan-
ner urgency. The result is an autonomous system that knows
when to plan, how far in advance to plan, and the resolution
of the plans needed to achieve mission objectives.

IV. DISCUSSION

Humans possess the ability to self-assess, adjusting behavior
through measuring performance and reallocating resources such
as focus, time, and energy. A part of this ability stems from the
autonomic system that can adjust performance and reallocate
bodily resources rapidly in response to stimuli. Autonomous
systems can measure performance to modify behavior but
cannot adjust resources to meet new scenarios, goals, and
environmental conditions. The proposed co-regulated control
framework and co-regulated planner provide the tools, analyti-
cal framework, and algorithms for the scientific community to
build on to create increasingly intelligent autonomous vehicles.

Co-regulated control provides a new resource-aware design
for control in a highly integrated fashion. The primary benefits
of the co-regulated control strategy in computing resource sav-
ing and physical control performance has been discussed based
on the comparison test results. By coupling the computational
and physical system controller, the co-regulated control strategy
can provide a higher degree of co-designability, as well as a

highly robust framework that can provide performance guaran-
tees for different application scenarios. Similarly, co-regulated
planning allows complex planning and decision-making prob-
lems to be solved iteratively when mission objectives demand
it, and in response to available resources.

Our framework will ultimately provide a platform for deploy-
ment of “anytime,” or similar, algorithms. Anytime algorithms
are algorithms that trade computation time for quality of results
[35]. When little computation is available, anytime algorithms
can produce suboptimal results that may be “good enough.”
Anytime algorithms have the potential to work well in ad-
dressing the fundamental autonomy issues this work addresses.
However, research in anytime algorithms generally focuses on
the increasing quality of solutions when given more resources,
but do not address the corresponding problem of reallocating
the freed resources [47], [48]. Our framework provides these
reallocation capabilities.

Ideally, an autonomous agent would be capable of reallo-
cating resources where they are needed, adjusting performance
of subsystems and sub-processes as needed. While we have
focused our attention on low-level controllers with this ca-
pability many other aspects of a complex system must be
addressed. Guidance [49], navigation [50], perception [51],
run-time monitoring [52], learning [53], data collection and
processing [54], and communication [17] all should be capable
of adjusting performance in response to available resources.

Multi-agent, intelligent systems will be part of future scien-
tific, agricultural, and military operations. Our work will enable
hetero-/homo-geneous teams of agents to collect more data,
at the right time, over longer durations, and handle chang-
ing network topologies and environmental conditions thereby
increasing robustness. In the rapidly growing UAS segment,
perception algorithms have large computational requirements
and their performance can drastically impact control perfor-
mance and cause failure if dynamic conditions change and
resources are not reallocated to match. Our work will help meet
these demands as well as targeted and persistent intelligence,
surveillance, and reconaissance, flexibility and adaptability of
agents to new environments.
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D. Della Monica, and A. Ingólfsdóttir, “A foundation for runtime moni-
toring,” in International Conference on Runtime Verification. Springer,
2017, pp. 8–29.

[53] C. Yang, C. Chen, W. He, R. Cui, and Z. Li, “Robot learning system
based on adaptive neural control and dynamic movement primitives,”
IEEE transactions on neural networks and learning systems, vol. 30,
no. 3, pp. 777–787, 2018.

[54] L. Qingqing, F. Yuhong, J. P. Queralta, T. N. Gia, H. Tenhunen, Z. Zou,
and T. Westerlund, “Edge computing for mobile robots: multi-robot
feature-based lidar odometry with fpgas,” in 2019 Twelfth International
Conference on Mobile Computing and Ubiquitous Network (ICMU).
IEEE, 2019, pp. 1–2.

474 Design, Automation and Test in Europe Conference



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /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 false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /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 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /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 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


