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Abstract. We propose a neural network-based prediction method for
the future entity layout in massively multiplayer online games. Our ser-
vice has the potential to timely foresee critical hot-spots in fast-paced
First Person Shooter action games that saturate the game servers which
no longer respond to user actions at the required rate. Using our service,
proactive load balancing (and redistribution) actions can be triggered.

We show results based on a realistic simulation environment that
demonstrate the advantages of our method compared to other conven-
tional ones, especially due to its ability to adapt to different load patterns.

1 Introduction

Online games can be seen as a collection of game servers that are concurrently
accessed by a number of users that dynamically interact with each other within
a game session. Clients connect directly to one game server, send their play
actions (e.g. movements, collection of items) and receive appropriate responses.
The responses must be delivered promptly within a given time interval to ensure
a smooth, responsive and fair experience for all players.

For the vast majority of games there is a similar computational model. The
game server runs a large loop in which the state of all entities is first computed
and then broadcasted to the clients. All entities within a specific avatar’s area
of interest (usually a surrounding zone as shown in Figure 1(a)) are considered
to be interacting with it and have an impact on its state. The more populated
the entities’ areas of interest are and the more interactions between entities
exist, the higher the load of the underlying game server is. An overloaded game
server delivers state updates to its connected clients (i.e. movements and actions
of teammates and opponents) at a significantly lower frequency than required,
which makes the overall environment fragmented, unrealistic and unplayable.

First Person Shooter(FPS) action games are considered as the next generation
of distributed online games, for which no massively multiplayer support exists
yet. Fast-paced online FPS games have very demanding Quality of Service (QoS)
requirements in terms of client state computations and updates (i.e. around 35
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Hertz for a satisfactory experience). To support this need, previous work [1]
developed two parallelization schemes that aim to improve the scalability of a
game session (i.e. maximum 64 − 128 players for sequential FPS action games)
by distributing the user load across multiple processors (see Figure 1(b)).

(a) Entity distribution

(b) Zoning and mirroring

(c) Prediction system overview

Fig. 1.

Zoning is based on data locality which par-
titions the game world in geographical zones
to be handled independently by separate ma-
chines. Zones are not necessarily of the same
shape and size, but should produce even runtime
load distribution. Mirroring defines a method of
distributing load by replicating the same game
world (or zone) on several machines. Each server
computes the state for a subset of the enti-
ties called active entities, while the remaining
ones, called shadow entities (which are active
in the other participating servers), are synchro-
nised across servers. It was proven in previous
work that the overhead of synchronising shadow
entities is much lower than the overhead of com-
puting the load produced by active entities [1].

Establishing a new zoning or mirroring
scheme is an expensive procedure (in the order of
seconds) that may introduce a lag in the user ex-
perience if not handled appropriately by the run-
time middleware environment. To address this
requirement, we introduce in this paper a novel
approach for estimating the number of entities
and their position within a game session. Based
on the entity number, position, and area of inter-
est, it is possible to derive analytical models for
estimating the load of a game session (compris-
ing processor, memory, and network load) [1].
We will address this aspect in future work, while
for the current paper we only focus on the en-
tity distribution prediction. Using our method,
one can timely foresee critical hot-spots in FPS
games and trigger proactive parallelization actions in a manner that makes the
load balancing and entity migration seamless to the end-user.

The paper is organised as follows. In the next section we present the general
load prediction strategy we employ, followed by a concrete implementation us-
ing neural networks in Section 3. In Section 4 we describe a distributed FPS
game simulator for collecting realistic trace information for training, testing,
and tuning our neural network (see Section 5). In Section 6 we compare our
results against other prediction methods. We finally summarise the related work
in Section 7 and conclude in Section 8.
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2 Method

The problem of predicting the game load reduces therefore to estimating two
fundamental parameters: the number of entities managed by a game server and
their spatial distribution within the game world. The challenge in designing
such a prediction service is that one physical game zone is in general too big and
contains too much information (spatial position of over one hundred entities)
for a prediction system to produce an accurate estimation of the future layout
in real-time. This is particularly critical for fast-paced FPS action games where
the game load can dramatically change within a short time interval and where
fast prediction is an absolute requirement. We therefore apply once again the
zoning technique (see Figure 1(a)), which partitions one game zone in multiple
subareas of reasonable size to be given as input to the prediction service. The
subareas are small enough to be characterised by their entity count only. The
overall entity distribution in the entire game world consists of a map of entity
counts for each subarea.

We use a prediction method based on historical information collected by trac-
ing the execution of existing game servers. For each subarea, the prediction
service uses as input the entity count at equidistant past time intervals, and
delivers as output the entity count at the next time step (see Figure 1(c)).

3 Neural Network-Based Load Prediction

Fig. 2. Neural
network-based
prediction
service

As we already mentioned, fast prediction methods are required
for highly dynamic applications like FPS games for being of any
real use. At the same time, the (often unpredictable) human
factor makes the problem even harder and requires adaptive
techniques, which simple methods such as averaging or expo-
nential smoothing fail to achieve. Our solution goes towards
neural networks due to a number of reasons which make them
appropriate for distributed online games as we will demonstrate
in Section 6: they adapt to a wide range of time series, they of-
fer better prediction results than other methods, and they are
faster compared to other more sophisticated statistical analysis.

We designed a neural network-based load prediction service
consisting of four important components: a preprocessing unit, a
signal expanding unit, the actual neural network predictor, and
a postprocessing unit (see Figure 2). The signal expander is used
to help the neural network extract the relevant information from
the preprocessed signal by applying simple transformations to
it (distance, squaring, averaging).

In order to utilise the neural network-based prediction, two offline phases are
required. First, the data set collection phase is a long process in which the game
is observed by gathering entity count samples for all subareas at equidistant time
steps. The second training phase uses most of the previously collected samples
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as training sets, and the remaining as test sets. The training phase runs for a
number of eras, until a convergence criterion is fulfilled. A training era consists
of three steps: (1) presenting all the training sets in sequence to the network;
(2) adjusting the network’s weights to better fit the expected output (the real
entity count for the next time step); and (3) testing the network’s prediction
capability with the different test sets. Separating the training from the test sets
is crucial in avoiding memorisation and ensures that the network has enough
generalisation potential for delivering good results on new data sets.

4 Distributed FPS Game Simulator

Fig. 3. Game simulator
snapshot

As there is no real online game available which is
capable of generating the load patterns required for
testing and validating our prediction service, we de-
veloped a distributed FPS game simulator support-
ing the zoning concept and inter-zone migrations
of the entities (see Figure 3). We use this simula-
tor for generating realistic load patterns such as en-
tity interaction hot-spots or simply large numbers
of entities managed by one game server. The enti-
ties in the simulation are driven by several Artificial
Intelligence (AI) profiles which determine their be-
haviour during a simulation: aggressive determines
the entity to seek and interact with opponents; team
player causes the entity to act in a group together
with its teammates; scout leads the entity for discovering uncharted zones of the
game world (not seeking any interaction); and camper simulates a well-known
tactic in FPS games to hide and wait for the opponent. Each entity is able to
dynamically switch between all these AI profiles during the simulation. This em-
ulates the players’ behaviour in a real game session (i.e. a player is aggressive
at the start of the session, but once wounded he has to change his tactics to a
conservative behaviour to avoid being eliminated).

Using this game simulator, we generated eight different trace data sets with
different characteristics by running 17 hours of simulations for each set and sam-
pling the game state at every two minutes. In each simulation, we used a different
configuration determined by four simulation parameters, which we varied by ap-
propriately setting the predominant entity AI profiles usage (see Table 1). We first
modelled peak hours in online gaming such as late afternoons or weekends. Then,
we varied the entities’ speed and inter-zone migration patterns to mimic two dif-
ferent dynamic profiles: (1) instantaneous dynamics (typical to fast-paced FPS
games) meaning a large difference in the entity interaction over a short period
of time; and (2) overall dynamics (typical to slower-paced Massively Multiplayer
Online Role Playing Games (MMORPG) [2]) has a much more stable entity inter-
action load with large variations over a longer period of time. Finally, we model
the popularity of a game by setting the maximum peak load to different values.
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Table 1. Simulation trace data sets

Data Peak hours Peak Overall Instantaneous
set modelling load dynamics(17h) dynamics(2min)

Set 1 No +++++ +++++ +++++
Set 2 No +++++ +++++ +++++
Set 3 No +++++ +++++ +++++
Set 4 No +++++ +++++ +++++
Set 5 Yes +++++ +++++ +++++
Set 6 Yes +++++ +++++ +++++
Set 7 Yes +++++ +++++ +++++
Set 8 Yes +++++ +++++ +++++

The validation of these
data traces is difficult since
currently there are no games
capable of providing the
needed entity distributions at
regular time intervals. To this
end, we tried to get as close
as possible to real games by
importing some of the maps
from a very popular FPS
game called Counter Strike
1.6 [3].

5 Tuning Experiments

As the neural networks are not deterministic, we carried out a significant number
of experiments for tuning the parameters that influence the prediction accuracy:
the signal expanding technique, the neural network type and structure, and the
neural transfer function [4]. The goal of our experiments is to minimise the
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Table 2. Experimental results for different network
types

Network set-up Prediction Error
Input Structure Transfer Inputs MLP Jordan Modif.
set Function [exp+raw] Elman MLP
Set 1 3,2,1 Sigmoid 6+3 34.86% 34.64% 36.73%
Set 1 5,2,1 Sigmoid 6+3 35.08% 34.86% 37.39%
Set 1 3,2,1 Sigmoid 3+3 34.86% 34.70% 40.00%
Set 1 5,2,1 Sigmoid 3+3 34.92% 34.70% 36.95%
Set 1 3,2,1 Linear 6+3 34.42% 33.33% 35.65%
Set 1 5,2,1 Linear 6+3 33.11% 33.77% 35.00%
Set 1 3,2,1 Linear 3+3 34.49% 33.18% 40.00%
Set 1 5,2,1 Linear 3+3 31.23% 33.83% 37.39%
Set 2 3,2,1 Sigmoid 6+3 28.90% 29.24% 29.11%
Set 2 5,2,1 Sigmoid 6+3 28.93% 29.24% 31.01%
Set 2 3,2,1 Sigmoid 3+3 30.15% 30.15% 34.49%
Set 2 5,2,1 Sigmoid 3+3 30.15% 30.47% 31.32%
Set 2 3,2,1 Linear 6+3 29.24% 29.55% 33.22%
Set 2 5,2,1 Linear 6+3 28.93% 28.93% 33.54%
Set 2 3,2,1 Linear 3+3 29.52% 29.20% 35.12%
Set 2 5,2,1 Linear 3+3 29.20% 29.52% 33.22%

The challenge of the
tuning process is caused
by the fact that the varia-
tion of the accuracy with
one parameter is not in-
dependent and not even
coherent with its varia-
tion with another parame-
ter. In conclusion, sequen-
tially finding the best ac-
curacy for every parame-
ter is not possible and a
guided exhaustive param-
eter study is necessary. In
the following, we present
only the main track of
our experimental results,
not mentioning the back-
tracking we have done for
assessing the impact of altering one parameter on the others. The experiments
presented are independent of each other or, in the worst case, have a very small
impact on one another.
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5.1 Network Type

The two main neural network types we experimented with are the classical feed-
forward networks and the recurrent networks. In feed-forward networks the stim-
uli propagate only from the input layer towards the output layer, while in the
recurrent networks there are also feedback loops towards a separate type of neu-
rons called context neurons. From the feed-forward category, we experimented
with a simple multilayer perceptron (MLP) and a modified three-layer percep-
tron, which has a different input layer consisting of fuzzy neurons intended to
provide a different type of signal expansion. The recurrent network we use is a
Jordan-Elman network [4].

As we previously mentioned, the parameters that influence the prediction ac-
curacy are not independent. As a consequence, for each network type we present
eight experiments varying most of the available parameters: the network struc-
ture, the transfer function, and the signal expansion technique.

Fig. 4. Prediction error for dif-
ferent first and second layer sizes

We present in Table 2 the results of these ex-
periments on the input data sets 1 and 2 (see
Table 1) since they model best dynamic FPS
action games. In the modified MLP case, we
used the fuzzy neuron input layer for expand-
ing the input signals by varying their fuzzy do-
mains. The simple MLP and the Jordan-Elman
network performed well providing almost identi-
cal results, while the modified MLP struggled es-
pecially during the experiments with more fuzzy
domains. Our conclusion is that the neural net-
works that best fit our problem are the MLP and Jordan-Elman and, therefore,
our next experiments will only take these two types into consideration.

5.2 Network Structure

Fig. 5. Error map for variable
first and second layer neurons

In finding the best suited network structure, we
focus on finding the appropriate number of neu-
rons on each layer. We fixed the number of layers
to three since the performance of these types of
networks hardly improves with more layers.

We carried out a series of experiments using
different three-layered network structures while
maintaining all other relevant parameters fixed:
classic MLP, full signal expanding, and linear
transfer function [4]. Table 3 demonstrates that
the prediction does not improve when using net-
works with sizes bigger than 15 − 20 neurons.
Figure 4 shows that the minimum prediction error is obtained for around 2 − 4
neurons in the second layer, while for the first layer we cannot make a similar
assessment.
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Table 3. Experimental re-
sults for different network
structures

Exp. Network Prediction error
structure Set 1 Set 3

1 3,1,1 34.70% 35.84%
2 5,1,1 34.92% 35.84%
3 15,1,1 34.92% 35.98%
4 20,1,1 34.92% 35.98%
5 30,1,1 34.49% 35.98%
6 3,2,1 33.40% 35.27%
7 5,2,1 32.92% 34.56%
8 15,2,1 33.83% 34.99%
9 20,2,1 33.83% 35.41%

10 30,2,1 34.49% 35.70%
11 3,5,1 34.27% 35.27%
12 5,5,1 33.18% 36.13%
13 15,5,1 32.97% 35.56%
14 20,5,1 34.05% 34.85%
15 30,5,1 34.27% 35.56%
16 3,10,1 33.62% 36.84%
17 5,10,1 37.09% 36.27%
18 15,10,1 34.27% 35.41%
19 20,10,1 33.83% 35.70%
20 30,10,1 34.05% 35.56%

Representing in Figure 5 the prediction error as a
function of the number of neurons in both layers, we
observe that the lowest error occurs if the network
has twice as many neurons on the first layer than on
the second layer. Taking into account these observa-
tions, we conclude that the optimal network struc-
ture is [6, 3, 1] (representing the number of neurons
on each layer). Obviously, similar structures will
also produce comparably good results (e.g. [9, 3, 1],
[8, 4, 1]).

5.3 Transfer Function and Signal
Expanding

The transfer function represents the composition of
two functions: the activation function which deter-
mines the total stimulus a neuron receives, and the
output function which determines the total stimu-
lus a neuron generates. We studied the behaviour
of our system by using different transfer functions
with three types of output functions: sigmoid, lin-
ear, and a modified Gaussian (G : [−1, 1] → [−1, 1],

G(x) = 2.1 · e
−(x−1)2

2·0.862 − 1).
Table 4. Experimental results for dif-
ferent transfer functions

Data Inputs Prediction error
set [exp+raw] Linear Sigmoid Gaussian

Set 1 4+2 32.53% 35.14% 32.97%
Set 1 9+3 32.75% 34.70% 33.18%
Set 1 12+4 33.62% 34.27% 33.62%
Set 2 4+2 29.84% 29.84% 29.52%
Set 2 9+3 29.37% 30.93% 29.06%
Set 2 12+4 28.61% 29.55% 29.24%
Set 3 4+2 32.71% 37.41% 34.85%
Set 3 9+3 35.27% 37.55% 36.41%
Set 3 12+4 36.54% 36.54% 35.83%

In this batch of experiments, we fixed
the previously determined parameters
(i.e. network type and structure) at their
best values. We used a classic MLP neu-
ral network with a [6, 3, 1] structure and
ran experiments on input data sets 1,
2, and 3 with variable signal expanding.
The results displayed in Table 4 confirm
our original assumption that, even though
the sigmoid functions give good results in
most cases, they are not the best choice
for all applications. The linear function
performed best for all data sets and is closely followed by the modified Gaus-
sian which performed worse for data sets 1 and 3 characterised by higher overall
dynamics. This leads us to the conclusion that, although the modified Gaussian
gives good results for signals with high instantaneous dynamics, it cannot follow
the overall trend of entity count over long time intervals.

For the signal expanding experiments we used three levels of signal expansion:
EXI

i = Xi−1 − Xi (1), EXII
i = Xi−2+Xi−1+Xi

3 (2) and EXIII
i = |Xi−2 − Xi| −

|Xi−1 − Xi| (3), where EXi represents the expanded stimulus and the Xk values
represent the preprocessed stimuli. The results for this batch of experiments
displayed in Table 5 are not encouraging, the gain in performance being marginal
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even with the highest level of expanding. Nevertheless, the network shows some
improvement in performance with the first and third levels of expanding.

6 Results

Table 5. Results for signal ex-
panding using data set 1

Exp Inputs Prediction Avg.
level [exp+raw] error error

0
0+2 32.32%

33.09%0+3 33.77%
0+4 33.18%

1
2+2 32.10%

32.72%3+3 32.67%
4+4 33.40%

2
4+2 32.53%

32.94%6+3 32.67%
8+4 33.62%

3
6+2 32.75%

32.72%9+3 32.23%
12+4 33.18%

The final step of our experiments represents
the evaluation of the quality of the results de-
livered by the neural network-based prediction
compared to other methods. We use the best
suited neural network architecture determined
in the previous section, which is a standard fully
connected MLP with a [6, 3, 1] structure, a lin-
ear transfer function, and a three level signal
expansion.

We compared our system against other known
fast prediction methods like average, moving av-
erage, last value, and three levels of exponential
smoothing [5] on the input data sets described
in Table 1. We selected these statistical methods
for comparison since we observed them to be among the most accurate in highly
dynamic systems like the Grid [6], while fulfilling the time constraints of FPS
games where a high density of prediction intervals is essential.

Table 6. Comparison with other fast prediction methods

Prediction Error
Input Neural Moving Last Exponential smoothing
data Network Avg. Avg. Val. 25% 50% 75%
Set 1 32.23% 39.69% 39.25% 44.51% 40.04% 37.83% 39.60%
Set 2 28.61% 30.79% 34.60% 40.31% 34.19% 35.78% 36.74%
Set 3 33.00% 37.98% 39.40% 47.36% 38.34% 39.06% 41.92%
Set 4 32.18% 34.48% 39.78% 48.28% 42.90% 41.55% 43.97%
Set 5 16.58% 25.06% 17.98% 23.31% 19.85% 19.59% 20.27%
Set 6 4.94% 23.55% 8.13% 5.08% 10.89% 7.03% 5.66%
Set 7 11.17% 48.26% 18.88% 11.84% 20.50% 16.06% 12.53%
Set 8 5.51% 15.26% 8.45% 5.66% 12.96% 8.78% 5.90%

The results in Ta-
ble 6 show that, apart
from producing better
or at least equal pre-
dictions, the important
quality of our system
is its ability to adapt
to various types of in-
put signals. More pre-
cisely, we had in our
data sets three major
types of signals: (1) sig-
nals with high instanta-
neous dynamics and medium overall dynamics (sets 2, 3, and 4) which were best
approximated by average; (2) signals with low instantaneous dynamics (sets
6, 7 and 8) which were best approximated by last value; and (3) signals with
medium instantaneous dynamics (sets 1 and 5) which were best fitted by the 50%
exponential smoothing and respectively moving average. The drawback of these
conventional methods is that it is not universally clear during a game play which
of them should be applied as the real-time prediction method for the next time
step. Moreover, as the dynamics of the game may change, for example during
peak hours, the best prediction method may change too. Our neural network-
based prediction successfully manages to adapt to all these types of signals and
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always delivers good prediction results. In addition, since this load prediction
service should be part of a generic platform capable of supporting a wide variety
of games, adaptability to different types of signal is a key feature.

Fig. 6. Neural network gain against next
fastest prediction method

To compare our results, we calcu-
late the gain of our prediction: Gain =
min{PEother}−PENN

min{PEother} , where PENN de-
notes the prediction error of the neural
network and min{PEother} represents
the minimum prediction error from the
set of other prediction methods (aver-
age, moving average, last value, and ex-
ponential smoothing). We obtained the
highest gains for signals with high in-
stantaneous dynamics (sets 1 through
5) which represents the main character-
istic of FPS games (see Figure 6). For
data sets 6 through 8, characteristic to
slower-paced MMORPGs, the best method other than our service was last value,
which performed well leaving little margin for improvement. Nevertheless, our
service performed better than the other methods, showing some gain in all cases.

The average prediction time for one subarea using our service is extremely
fast of around 0.8 microseconds on a 2.66 Gigahertz Intel Core Duo processor.
Even with a few hundreds of subareas, the prediction time remains below one
second which, considering a realistic prediction time step of about 30 − 300
seconds, leaves at least 97% of this time to the middleware for load balancing
(i.e. creation of a new mirror) and migration decisions.

7 Related Work

Neural networks have been used in distributed systems with the purpose of
load balancing, [7] being an example of such usage. However, this approach
differs from the one presented here, firstly because it uses winner-take-all neural
networks. Secondly, it is realising the load balancing at a generic task level,
whereas our system’s intended usage is for load balancing for a specific, highly
dynamic application class, using internal application information.

The Distributed Interactive Simulation effort funded by the US Government
refers to a distributed system capable of managing simulations with a high num-
ber of participants and reduced network usage by localising events only within
the participants’ areas of interest [8]. Our system is designed to support the
novel idea of dynamic resource usage for this type of applications by offering
load predictions based on which the resources can be timely reserved or freed.

Neural networks-based prediction has been successfully applied to a lot of
applications coming from different fields of research: weather forecasting [9],
prediction of traffic flow [10].



Neural Network-Based Load Prediction 211

In the gaming area, prediction is used at the client side in fast-paced games
for hiding synchronisation lags generated by network latency limitations [11].
Complementary to these approaches, our prediction service runs at the server
side preventing saturation of game servers.

8 Conclusions

In this paper we presented a neural network-based prediction service to support
the session management of massively multiplayer online games, especially for
next generation massively multiplayer FPS games, but also for state-of-the-art
MMORPG games. Our approach to predicting the future game layout is based
on distributing the game world in subareas of reasonable size, whose entity count
can quickly and accurately be approximated through a well-trained neural net-
work using historical information. We developed a game simulator which uses
several AI entity modelling patterns for generating a range of realistic load traces.
We showed a series of experiments for tuning the network parameters (e.g. struc-
ture, type, transfer function, signal expanding) that were crucial for obtaining
good prediction results. We presented experiments which demonstrate the ca-
pability of our predictor to adapt to input signals with different characteristics
modelling various load patterns, which other conventional prediction methods
fail to achieve. As future work, we plan to present experimental results for a
load-balancing system and assess the impact using our load prediction method
has on its efficiency.

References

[1] Müller, J., Gorlatch, S.: GSM: a game scalability model for multiplayer real-time
games. In: Infocom. IEEE Computer Society Press, Los Alamitos (2005)

[2] MMORPG.COM: Your headquarters for massive multiplayer online role-playing
games, http://www.mmorpg.com/

[3] GameData, I.: Counter strike, http://www.counter-strike.com
[4] Haykin, S.: Neural Networks: A Comprehensive Foundation, 1st edn. Prentice Hall

PTR, Englewood Cliffs (1994)
[5] Makridakis, S., W.S., R., H.: Forecasting Methods and Applications. John Wiley

& Sons, Inc., Chichester (1998)
[6] Wolski: Experiences with predicting resource performance on-line in computational

grid settings. ACM Sigmetrics Performance Evaluation Review 30, 41–49 (2003)
[7] Aly, E., El-Abd, M.I.E.B.: A neural network approach for dynamic load balancing

in homogeneous distributed systems. In: 30th Hawaii International Conference on
System Sciences (HICSS), vol. 1, p. 628 (1997)

[8] Macedonia, Zyda, Pratt, Brutzman, Barham: Exploiting reality with multicast
groups. IEEE Computer Graphics and Applications 15(5), 38–45 (1995)

[9] Maqsood, I., Khan, M., Abraham, A.: An ensemble of neural networks for weather
forecasting. Neural Computing & Applications 13(2), 112–122 (2004)

[10] Huisken, G.: Soft-computing techniques applied to short-term traffic flow forecast-
ing. Systems Analysis Modelling Simulation 43(2), 165–173 (2003)

[11] Bernier, Y.: Latency compensating methods in client/server in-game protocol de-
sign and optimization. In: Proceedings of the Game Developers Conference (2001)

http://www.mmorpg.com/
http://www.counter-strike.com

	Neural Network-Based Load Prediction for Highly Dynamic Distributed Online Games
	Introduction
	Method
	Neural Network-Based Load Prediction
	Distributed FPS Game Simulator
	Tuning Experiments
	Network Type
	Network Structure
	Transfer Function and Signal[-7.8mm]

	Results
	Related Work
	Conclusions
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.01667
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /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 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.01667
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /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 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 2.00000
  /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 (http://www.color.org)
  /PDFXTrapped /False

  /SyntheticBoldness 1.000000
  /Description <<
    /DEU ()
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.000 842.000]
>> setpagedevice




