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Abstract— A novel dynamic self-governed growth algorithm
inspired from population dynamics is introduced in a Multi-
Layer Perceptron (MLP). This allows the inclusion of a carrying
capacity, which is the maximum population of hidden units that
can be sustained in a single hidden layer. The inclusion of this
constraint in combination with population dynamics provides a
built-in mechanism for a dynamic growth rate. The proposed
approach is used in parallel with direct performance feedback
from the network to modulate the growth rate of the hidden
layer. This algorithm incrementally adds units to the hidden
layer up to a point where the complexity of the task no longer
requires further addition. The MLP is extended with the
growing algorithm and its adaptability is tested by subjecting
the network to increasing levels of task complexity for the n-bit
problem. Using fixed rules that dictate both the size of a fixed
layer MLP (fMLP) and the upper bound carrying capacity of
the growing MLP (gMLP), the resulting topologies are directly
compared for the n-bit problem. In short, the results suggest
that even if an upper boundary of the carrying capacity is set by
a fixed rule, the growing algorithm is capable of converging to
less than the predicted number of units required for solving the
given task. With the majority of trials growing to the same
number of hidden units regardless of the rule used. This effect
is consistent across the specified rules and levels of task
complexity for the n-bit problem.

Keywords—multilayer perceptron, growing, constructive
algorithm, population dynamics, artificial neural networks, parity
n-bit

I. INTRODUCTION

In multilayered artificial neural networks (ANNs),
deciding on the number of hidden units within the
architecture can be crucial for properly learning and solving
a given task. Using too few units can result in underfitting
whereby the input data may not be adequately captured by the
network preventing proper learning or generalization. In
contrast, too many units can lead to overfitting whereby the
input data is not enough to properly train all the hidden units
and can therefore increase training time [1]-[4].
Unfortunately, there is no methodological consensus for
determining the number of hidden units in a hidden layer.
There are several rule-of-thumb methods [1], however
typically this number is found by extensive time consuming
trial and error [3], [5].

This problem is particularly important when multi-layered
feedforward networks are used. The most popular of which is
the multi-layered perceptron (MLP) that uses the
backpropagation algorithm developed by Rumelhart [6]. The
MLP includes internal hidden units which are not part of the
input or output, yet come to represent important features that
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capture task-specific regularities. As a result of the hidden
layer extension of the standard perceptron, the MLP has been
shown to be capable in solving non-linearly separable tasks
such as the XOR problem, as well as its higher dimensional
extension known as the n-bit Parity problem [7]. The n-bit
problem is one of the most widely used problems for testing
the efficacy of training algorithms for ANNs [8], [9]. If the
number of ones in the vector is even, then the output is 1, and
if the number of ones is odd, then the output is 0 [8], [9]. The
number of input vectors of an n-bit problem is given by the
dimension parameter m, where m is given by 2", with n €
{0,1} being the number of bits.

Previous approaches have formulated strict rules on the
minimum number of hidden threshold units required to solve
the n-bit Parity problem. For instance, in the case of a single
hidden layer of the MLP, simulation experiments have shown
that the minimum number of hidden units needed is equal to n
in order to solve the n-bit problem [10], [11], whereas others
have proposed that the general solution for solving the n-bit
problem is n+1 [12]. These formulations require that the
architecture of the MLP remains purely feedforward, with no
direct connections between the input layer and the output
layer. In contrast, if there are additional connections between
the input and the output layers, as in the Bridged MLP, a
generalized solution is 2n+1 [12]. Although these rules allow
the characterization of the number of hidden units required in
the hidden layer of an MLP, these established rules require a
prior specification of the number of hidden units and are only
applicable if certain conditions are met.

A potential solution is to have the topology grow as the
network learns through the use of constructive algorithms, that
start with few units and incrementally add units and
connections (for a detailed reviews see [4], [13]). This class of
algorithms offer flexible economical topologies that can
match task complexity [4]. The most popular amongst them
include Cascade Correlation [14] which freezes the existing
network and trains the newly added unit, and Dynamic Node
Creation (DNC) [5] which retrains the entire network.
Previous work, that falls under the category of DNC, has
shown that the backpropagation algorithm can be used with
varying number of hidden units to approach the XOR problem
[15]. To accomplish incremental growth the total error was
checked every 100 epochs and a new hidden unit was added if
the total error remained higher than one percent. As a result,
the size of the network increased outbound and therefore
required intervention via removing a hidden unit and
retraining until obtaining a more reasonable number of hidden
units [15].

When should a constructive algorithm add a new unit?
Adding units randomly or on a fixed time schedule could lead
to unnecessarily large topologies. If a user defines a maximum



capacity size it could prevent excessive growth. Nonetheless,
hidden units that are added may not have enough time to be
trained to have an impact on the training error and could still
lead to the addition of unnecessary units. The aforementioned
constructive algorithms employ a user defined parameter
whereby if the average training error drops below or stops
changing by a preset amount, only then will a new unit be
added [5], [14], [15]. While very effective, this requires some
a priori parameter setting.

We propose an extension of the MLP using a flexible
growing algorithm inspired by population dynamics [16].
From a theoretical viewpoint, a neural network or even each
layer that comprises the network can be viewed as a set of
populations. From this perspective, a hidden layer can be
considered as the environment that neuronal units exist in.
This would endow the hidden layer with a carrying capacity.
Put simply, the carrying capacity is the maximum population
size that the environment can sustain, or in terms of ANNSs it
is an upper bound on the possible number of hidden units.
Giving the hidden layer this constraint allows us to apply
population dynamics when calculating the growth of the
hidden unit population. This provides a built-in self-governed
method for preventing the network from growing too large. In
this version, we are only concerned with the carrying capacity
of the hidden layer and no other environmental factors, such
as resource availability [16]. As such, we are considering this
population as a “single-species” of neuronal unit within the
hidden layer environment. For a given task, the algorithm
allows the network to incrementally add units in the hidden
layer up to a point where the complexity of the task no longer
requires further addition in the number of hidden units.

The adaptability of the growing network (gMLP) is tested
using increasing levels of task complexity for the n-bit
problem, and compared to an identical MLP network that has
a fixed hidden layer size (fMLP). In doing so, we show that
fixed rules for the number of hidden units needed to solve n-
bits are not ideal, and that dynamic flexible growth will lead
to better generalized approximations in size irrespective of the
rule used. As such, we do not focus on the total number of
training epochs that the network takes, but the total number of
hidden units used by the network for each rule across different
n-bits.

The remainder of the paper is divided as follows: Section
I introduces the model describing the network’s architecture,
activation function, learning algorithm, and learning
procedure for a standard MLP with a single hidden-layer. We
then described the growing algorithm inspired from
population dynamics. Section III describes the results of the
n-bit Parity problem using a standard fixed hidden-layer size
(fMLP) and extended version of the dynamic self-governed
growth algorithm (gMLP). In section IV, we discuss and
conclude the overall findings of our work.

II. METHODS

A. Architecture

The MLP used is a simple feedforward network and is
comprised of three layers: an input layer, a single hidden
layer, and output layer containing a single unit (Fig.1). If the
size of the hidden layer, j, is fixed then its size is dependent
on the input vector dimension, m, and the selected rule. In this
condition all the weight connections are present from the
beginning. If the size of the hidden layer, j, is permitted to
change across time as with growing, then new units are added
to the end of the hidden layer. The weight connections

associated to the new hidden unit are added from the input
layer to the hidden and from the hidden to the output layer.
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Fig. 1. MLP Architecture. In the above architecture x is a bit vector of length
i, where i is equal to n the number of bits, j is the number of hidden units,
and the dashed lines represent weight connections that are added during
growing.

B. Activation Function

The activation function used for the MLP is the bipolar
sigmoid function (1). This function has a range from -1 to 1,
allowing a bipolar representation of the data (Fig. 2). It’s
derivative (2) is used when calculating the backpropagated

error [17].
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Fig. 2. Bipolar Sigmoid Activation Function.

Forward pass of the inputs through the hidden layer of the
MLP network is derived according to:

h]';n = bO + Z xin-]- (3)
i=1
by = £ (") @

where x; is the input vector, w;; are the weight
connections between the input and the hidden layer, b, is the
bias on the hidden unit j, h;j" is the activation of the hidden



unit j, h; is the output from the hidden unit, and f the bipolar
activation function defined in (1).

Once the output from the hidden layer is obtained, this
information is passed forward to the output layer according
to:

n
Vit = b+ ) By (5)
j=1
Ye = fO0" ©)

where vy is the weight connections between the hidden
layer and the output unit, b; is the bias on the output
unit,y;"is the activation of the output unit and y,the output
signal.

C. Learning Algorithm

The learning for the MLP network is based on standard
backpropagation. Once an output is obtained from the MLP
network, the error term (§;) is computed according to (7)
from the output layer and back-propagated to the hidden
layer.

Sk = (e =y f' O (7

where f' is the derivative of the activation function (2),
and ¢, is the associated target pattern. To improve
convergence, targets were not set at the asymptotes, but at 0.8
and -0.8 respectively [17]. The error term from the output
layer is then used to calculate the error term from the hidden
layer (6;) according to:

sin = Z S, Vik
] ]
— ®)

where 5]-"" is the summation of delta inputs from the
output.

6 = 8 f (1) ©)

Once the error terms have been calculated, the output unit
updates its weight connections (10) and bias (11) by adding
correction terms according to:

Ve = v + n(8khy) (10)
blew = b2l + g, (11
where v3?® is the weight connections from the
new

previous epoch, 7 the learning rate set to 0.1, v~ represents

the updated weight connections, b?'® is the bias on the output
layer from the previous epoch, and h{**"is the updated bias
term.

This process is then repeated by the hidden layer that
uses its error term (§;) to create correction terms to update its

own weights (12) and bias (13) according to:

wieY = wilt + n(8;x;) (12)

bR = bgie 4+ g, (13)
where W{’jld is the weight connections from the previous
epoch, wjj*"is the updated weight connections, b§'? is the

bias on the hidden layer from the previous epoch, and b{*"is
the updated bias term.

The MLPs performance is calculated at the end of each
epoch according to:

1 m
- § N2
MSE mk_l(tk Vi) (14)

where m is the input dimension given by 2", withn €
{—1,1} being the number of bits, and MSE is the mean-
squared error of the MLP network.

D. Learning Procedure

Learning for both MLPs is conducted in the same manner
using batch training outlined by the following steps:

1) Initialization of weight connections at random values
between -0.5 and 0.5.

2) Forward propagation where the input vector is
broadcasted to all hidden units that sum their weighted
input signals according to (3), and apply the bipolar
activation function (1) to compute each of their
respective outputs (4).

3) Continuation of forward propagation where the output
unit receives the summation of weighted input signals
according to (5), over which the bipolar activation
function is applied (1) to compute its output (6).

4)  Each output unit receives the associated target patterns
for each respective input training patterns and
calculates its error term (J,) which is then back-
propagated to the hidden layer (7).

5) The hidden layer uses the back-propagated error and
calculates its own error information term §; according
to (8) and (9).

6) Weights are then updated according to (10) for the
output layer and (12) for the hidden layer. Biases are
also updated according to and (11) and (13).

7) Training continues until the maximum number of
epochs is reach (set to 10°) or if the MSE (14) falls
below a minimum value set at 0.001.

The only exception between the fMLP and the gMLP
learning procedures is the inclusion of the growing algorithm.
The gMLP is only permitted to add units at the very end of
each epoch after the network has updated its weight
connections. When a new unit is added, its new connections
are also initialized at random values between -0.5 and 0.5 and
are then updated along with all the other weight connections
during the next epoch.

E. Growing Algorithm

The growth of the population of hidden units is dictated
by the growing algorithm (15). This algorithm is adapted and
modified from the Single-species model with Allee effect
outlined in [16]. This algorithm is used during each epoch to
calculate the change in the size of the hidden unit population
(i.e. growth rate). The addition of a new unit to the hidden
layer only occurs when the growth rate reaches an integer
value, as adding a proportion from a single unit is not
plausible. The dynamics of the growing algorithm are
characterized by:



(15)
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where ¢ is the carrying capacity of the hidden layer
environment (upper bound) determined by the fixed rule
used, hy is the current size of the hidden unit population, and
B is a constant set to 0.2.

As the hidden unit population grows within the hidden
layer, it receives direct performance feedback from the gMLP
network in the form of the MSE. The MSE modulates the rate
at which the hidden unit population can grow (Fig. 3). The
MSE is inversely proportional to the growth rate. In this
regard, as the gMLP learns, its performance can slow the rate
of growth of the hidden layer. With respect to ANNs, during
the learning process the error is reduced and should approach
zero. With a gradually declining error, the growth rate is in a
state of constant change that is dependent on the network’s
performance. In this context, even though the hidden layer
has a maximum carrying capacity, the hidden unit population
will grow towards the optimal number of hidden units
required to reach an error close to zero. This is reflected in
Fig. 4, where the curves: 10, 8, 6, 4, 2; depict hypothetical
situations where the MSE is initiated at a value of 1 and
converges to 0.001 at different numbers of hidden units
within the hidden layer. These curves reflect the fluctuation
in growth rate as a result of error feedback from the network’s
performance. Hence, the minimum error may either be
reached at the carrying capacity or at a significantly lower
hidden layer sizes, depending on task complexity or the
defining characteristics of the network itself, such as the
architecture or learning rule.
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Fig. 3. Hidden Layer Growth Rate Function with Constant Error. In the
above figure the growth rate of the hidden unit population is shown with
respect to the gMLP network’s MSE. Here the carrying capacity is fixed at
10 hidden units, and the MSE is held constant at values varied between
values of 1 and 0.1.

F. Simulation: n-Bit Partity Problem

The n-bit parity vectors used in the following simulations
were given a bipolar representation of -1 and 1. This set of
simulations tested rules: 2", 2n+1, and n+1; for determining
hidden layer size for parity 2 to 7-bit problems, where n is the
number of bits.

These rules were implemented in two identical MLP
networks. The fMLP with a fixed number of hidden units
given by the rules and the gMLP using the number of hidden
units predicted by the rules as the carrying capacity.

III. RESULTS

The effectiveness of the fMLP and the gMLP was
evaluated for solving the n-bit parity problem for 2 to 7-bits
across 100 trials per bit. To obtain an idea of just how the
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Fig. 4. Hidden Layer Growth Rate Function with Declining Error. In the
above figure the growth rate of the hidden unit population is shown with
respect to the gMLP network’s MSE. Here the carrying capacity (c) is fixed
at 10 hidden units, S is set to 0, and the MSE is declining from 1 to 0.001.

gMLP compares to the fMLP, a single trial of the 4-bit
problem using the rule 2” is examined in detail. Using the rule
2", the fMLP is set to 16 units. This means that this network
has a total of 65 weight connections. As can be seen in Fig.
5a, the MSE of the fMLP decreases gradually until reaching
the preset minimum error of 0.001. In contrast, the gMLP uses
the rule 2” to set the carrying capacity to a value of 16 for the
4-bit problem. This network starts with a single hidden unit
and grows in an ascending step-like fashion before converging
at a total of 5 hidden units (Fig. 6). Therefore, this network has
a total of only 21 weight connections. As can be seen in Fig.
5b, the MSE of the network decreases in descending step-like
fashion until it reaches the preset minimum error of 0.001. The
plateaus seen in this figure indicate that the error is decreasing
less and less between epochs and a new unit is needed. The
spikes in error seen in Fig. 5b at the end of the plateaus occur
simultaneously with the addition of a new unit to the network
(see Fig. 6) and consequently the addition of new randomized
weight connections. This initial spike in error is quickly
reduced and allows the network to continue to train and further
lower the MSE. To summarize, using the same rule, 2", the
fMLP uses more hidden units and weight connections
compared to the gMLP, but takes less training epochs.

To verify that this result was consistent, both networks
were subjected to 100 trials of each bit problem from 2 to 7-
bits. This process was repeated across the rules: 2", 2n+1, and
n+1; for a total of 21 conditions per MLP network. The results
of the fMLP are shown in Table I, and the results of the gMLP
are shown in Table II. Where the “Predicted” column gives
the number of units that the rule indicates should be used and
the “Actual” column gives the number of hidden units the
gMLP network actually used across 100 trials. Due to the
variability in gMLP performance, the number of hidden units
in the hidden layer varies from trial to trial. As such, a range
of hidden units is reported per bit in Table II from the least to
most hidden units used across the 100 trials. To ensure full
transparency, the frequency (percentage) of each hidden unit



size with respect to the 100 trials is reported across all the bit
problems tested (Table III).
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Fig. 5. Mean Squared Error (MSE) across MLP Training Epochs for a 4-bit
Trial. a) MSE across fMLP training epochs when the rule 2" determines a
fixed hidden layer of 16 units. b) MSE across gMLP training epochs when
the rule 2" sets the carrying capacity (c) at 16, but the hidden layer only grows
to 5 units.
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Fig. 6. Growth of the Hidden Layer Across Epochs for a 4-bit Trial. In the
above figure the size of the hidden unit population is shown growing across

gMLP training epochs. Here the carrying capacity, depicted by a dashed line,
is determined by the rule 2" to be 16 hidden units.

Dependent on the rule, the results of the fMLP for both 2
and 3-bit problems use between 2-8 hidden units (Table I). In
contrast the gMLP uses between 2 and 3 hidden units
regardless of the rule used (Table II). The percentages of each
hidden unit size used across the 100 trials per each rule is
shown in Table III. These results show that 80-100% of the
time only two units are used for both the 2 and 3-bit problems.

A visual of the quality of the classification for a single trial of
the 2-bit problem is shown in Fig. 7. As can be seen in Fig.
7a-c, the fMLP has clearly defined classification across the
three rules. With the fMLP using: 4 units for 2”, 5 units for
2n+1, and 3 units for n+1. In contrast the gMLP uses only 2
hidden units for all three rules. However, as can be seen in Fig.
7d-f, the gMLP is still able to maintain clear distinct
classification borders.

Examining the results of the 4-bit problem in depth using
the rule 2", the fMLP used a total of 16 hidden units (Table I).
While the gMLP varied from 3-13 units across the 100 trials
(Table II). However, examining these numbers closely 99% of
the time the number of hidden units was between 3-6 and only
1% of the time was the hidden layer size 13 (Table III). This
is reflected in Table III with a mode at 4 hidden units.
Continuing to both 2n+1 and n+1 rules, the fMLP used 9 and
5 units respectively (Table I). The gMLP varied between 3-7
units, but closer examination reveals that only 1% of the time
was 7 units used. Additionally, both distributions have a mode
at 4 (Table III).

At 5-bit and higher, the number of predicted units begins
to show distinct variation between rules. At 2" the fMLP used
32 units, 11 units at 2n+1, and 6 units at n+1. Contrary to this,
similarity can be seen across rules for the gMLP with a mode
at 4 for all three distributions (Fig. 8a-c). For 2", 98% of the
trials used 7 units or less. Both of the 11 and 25 units occur
only 1% each. This effect is seen using the 2n+1 rule, with
96% of the trials using 7 units or less. These results are again
continued with the n+1 rule, where 100% of results occurring
between 4-5 units. Similar results are observed for the 6-bit
problem. Finally, for the 7-bit problem the fMLP, dependent
on the rule, used a total of: 128, 15, and 8 hidden units.
However, using the rule 2”, which leads to using 128 hidden
units, the network is unable to converge during learning for
many of the 100 trials. The gMLP showed variation compared
to previous results with respect to the rules 2” and 2n+1. For
2" in the gMLP, 65% of trials used between 7 and 13 hidden
units, however 30% of trials used between 119 and 128 hidden
units (Table III). Similar results are found using the rule 2n+1,
with 56% of trials between 7 and 12 and 44% of trials using
14 or 15 units. These two rules show evidence of bimodal
distributions. In spite of this a mode of 7 hidden units is still
observed across rules (Table III).

IV. DISCUSSION

In this study we introduced a novel constructive algorithm
inspired from population dynamics to incrementally add units
to a MLP. This algorithm utilizes a carrying capacity
parameter that prevents the network from growing outbound.
This endowed the network with a growth rate that allowed
more rapid growth when the hidden layer size was far from
capacity and a slower growth rate when it approached
capacity. This carrying capacity was used in parallel with
direct performance feedback from the network in the form of
the MSE. The MSE scaled the growth rate with regard to the
networks performance. This allowed for a dynamic self-
governed growth, the rate of which was modulated both by
network performance and hidden layer size.

To test the adaptability of this algorithm, we subjected the
gMLP to increasing levels of task complexity for the n-bit
problem, and compared our results to an identical fMLP. Our
aim was to show that by using fixed rules for hidden layer



TABLE L fMLP HIDDEN LAYER SIZE (AVERAGED OVER 100 TRIALS)

. Rule for Number of Hidden Units
Bit
2" 2n+l nt+l
Preditcted Actual Avg.Epochs Predicted Actual Avg.Epochs Predicted Actual Avg.Epochs
2 4 4 789 5 5 721 3 3 918
3 8 8 315 7 7 334 4 4 434
4 16 16 1174 9 9 1041 5 5 5358
5 32 32 461 11 11 514 6 6 8596
6 64 64 6 693 13 13 3967 7 7 10 535
7 128 128 703 721 15 15 12917 8 8 140 490
TABLE IIL ¢MLP HIDDEN LAYER SIZE (AVERAGED OVER 100 TRIALS)
Bit Rule for Number of Hidden Units
n 2n+l1 n+l1
Preditcted Actual Avg.Epochs Predicted Actual Avg.Epochs Predicted Actual Avg.Epochs
2 4 2-3 2 685 5 2-3 2 463 3 2 7674
3 8 2-3 3173 7 2-3 3276 4 2-3 3 888
4 16 3-13 25678 9 3-7 14 084 5 3-5 26 056
5 32 4-25 22 941 11 4-10 50334 6 4-5 103 412
6 64 5-63 60 598 13 5-13 93 686 7 5-7 261 749
7 128 7-128 321232 15 6-15 527 059 8 6-8 631 603
TABLE III FREQUENCY OF HIDDEN UNITS IN gMLP ACROSS 100 TRIALS
Bit Number of Hidden Units Across 100 Trials
Rule for Number of Hidden Units
2" 2n+l n+l
2 2:99%, 3:1% 2:94%, 3:6% 2:100%
3 2:83%, 3:17% 2:89%, 3:11% 2:93%, 3:7%
4 3:14%, 4:57%, 5:25%, 6:3%, 13:1% 3:23%, 4:63%, 5:13%, 7:1% 3:27%, 4:69%, 5:4%
5 4:73%, 5:19%, 6:4%, 7:2%, 11:1%, 25:1% 4:71%, 5:22%, 6:2%, 7:1%, 10:4% 4:72%, 5:28%
6 5:17%, 6:43%, 7:18%, 8:11%, 9:2%, 10:1%, 12:1%, 5:16%, 6:46%, 7:21%, 8:7%, 9:1%, 10:2%, 5:22%, 6:68%, 7:10%
13:1%, 17:1%, 19:1%, 22:1%, 60:1%, 63:1% 11:1%, 12:5%, 13:1%
7 7:38%, 8:16%, 9:2%, 11:2%, 12:3%, 13:4%, 23:1%, 7:42%, 8:10%, 9:1%, 10:1%, 11:3%, 6:3%, 7:50%, 8:47%
25:1%, 27:1%, 54:1%, 82:1%, 119:1%, 125:1%, 14:12%, 15:32%
126:2%, 127:10%, 128:16%
b) )
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Fig. 7. Classification Borders of the MLP Networks for a Single Trial of the 2-bit Problem Across the Three Different Rules. a-c) fMLP classification quality
across the three different rules for 500 random points. d-f) gMLP classification quality across the three different rules for 500 random points.
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three different rules to determine the hidden layer’s carrying capacity (c).

size, flexible dynamic growth would lead to generalized
approximations in hidden layer size regardless of the rule
used. Even if an upper boundary of the carrying capacity is
set by a fixed rule, the growing algorithm is capable of
converging to a number of hidden units that would fall within
the lower range of units required for solving the given task.
This effect is consistent regardless of the rule used for
deciding on the upper boundary of the carrying capacity.

As illustrated in our results, the gMLP was successful in
showing a general hidden layer size regardless of the rule
used. This is evident from the distributions for each of the
three rules having the same mode for each bit problem.
Additionally, as previously mentioned only one of these
rules, n+1, is an actual generalized rule for solving the n-bit
problem with a feedforward architecture. The other two rules
2" and 2n+1 were chosen to push both MLP networks to
larger hidden layer sizes than the n-bit problem requires. Our
results were clear for the fMLP. For the 7-bit problem, using
too many hidden units, such as with the rule 2", caused the
network during some trials to reach the maximum number of
epochs set at one-million so as to prevent network
convergence. Contrary to this, the gMLP showed more robust
qualities and overall across 100 trials was able to converge to
smaller topologies while still solving the task.

It wasn’t until the 7-bit problem was reached where the
gMLP experienced difficulties as evident from the two
bimodal distributions for the rules 2" and 2n+1. This problem
is not new to growing methods. One of the limitations of
growing methods is that the networks can sometimes get
trapped in local minima [13], [18]. This, as well as slow
convergence are particularly pertinent problems with
backpropagation. To escape the local minima adding more
than one unit at a time could solve this issue. To address slow
convergence, using a modified error term [19] or avoid using
standard backpropagation and use faster training methods like
Quickprop in Cascade Correlation [14]. Furthermore, for
some of our results the final hidden layer size is sometimes
less than the aforementioned minimum of ». For instance, with
the 4-bit problem it can be seen that the gMLP uses only 3
hidden units. Previous work using analytical solutions has
shown that the number of hidden units required to solve n-bit
problems is governed by (n/2)+1 if even, and (n+1)/2 if odd
[8]. According to this metric the 4-bit problem can be solved
by a minimum of 3 hidden units.

Despite the success of the model for solving the n-bit
problem, it is important to note the variation in training times
between the fMLP and the gMLP. The gMLP took more
training epochs, growing from a single hidden unit to the

amount needed to perform the task. However, as previously
mentioned optimizing training times for application was not
the objective of this study. Rather, the primary objective was
the proof of concept of a new growing algorithm inspired from
populations dynamics and the demonstration of its
effectiveness and plausibility. The main novelty of which is
the inclusion of a carrying capacity and by extension a growth
rate. Unlike previous methods such as with the DNC [5] that
calculates the average error in relation to a user set minimum
slope, the addition of new units to the hidden layer is not user
determined. Rather, it is self-governed based on the growth
rate which is directly scaled by the current size of the network
in relation to the carrying capacity and simultaneously by the
training performance of the network through the MSE. Even
though a measure of error is used, there is no user set criterion
for how much the error stops changing by to then introduce a
new unit to the network.

A similar mechanism is seen using evolutionary
algorithms for growing the network structure. For instance,
the inclusion of a growth probability operator and an
accompanying growth rate distribution to determine how
many units the network grows by [20]. This has shown to
exhibit higher growth probabilities at initial stages and lower
growth probabilities at later stages, effectively speeding up
the process of finding an optimal solution. Though this
method is self-adaptive, it introduces randomness through
mutations, requires an evaluation of fitness, and takes place
across many networks with only the best performing ones are
chosen to “survive” [20]. In the present algorithm, the
growth rate is being utilized as a self-governed process,
without making reference to processes governed by
evolutionary dynamics. Additionally, only one network is
grown and the population refers only to the hidden layer size.
Therefore, the current dynamic growth algorithm introduced
here can be seen as a hybrid between evolutionary and
constructive approaches.

To validate the observed results, replication with other
tasks is needed, such as the Double Moon problem. In this
case, the gMLP would provide an estimate of the number of
hidden units required to solve the task. This estimated value
for the number of hidden units would provide an
approximation of the general rule required to solve the
Double Moon problem. The same way that our approach
provided approximations close to rules mentioned for solving
the n-bit Parity problem. If fixed rules that are task specific
can be generalized to other tasks and still provide accurate
results it would effectively validate the growing algorithm
applied here. Additionally, it would be pertinent to test the



generalization with respect to classification of the growing
network to over or under fitting the data. Such a validation
could be achieved using a k-fold validation. Additionally, by
combining this dynamic growth algorithm with more
efficient learning approaches, such as Quickprop, we aim
reduce training times to allow a more direct comparison
between growing and fixed networks. Future work aims to
refine this algorithm to incorporate neuronal pruning to allow
the algorithm to have a negative growth rate to decay the
neuronal population and obtain an optimal minimal topology.
To govern such a method, one potential avenue would be to
re-introduce the possibility of local extinction as outlined in
the original population dynamics model [16]. Introduction of
such a mechanism could create internal competition
potentially allowing a synergistic effect to reach optimal
topologies. Finally, it would be very interesting to explore
how a multilayered network with two hidden layers could be
governed by two of these algorithms, whereby growth of one
layer could lead to pruning in another depending on the
performance and needs of the network.

V. CONCLUSION

Dynamic growth inspired from population dynamics
introduces a constructive approach that is self-governed.
This approach can circumvent the need for arbitrary trial and
error to determine optimal hidden topologies. Furthermore, it
also avoids the problem of growing outbound by converging
to smaller topologies on its own, according to how both the
network performance and the hidden layer size modulate the
growth rate. The self-governed dynamics of this growing
algorithm merit further investigation.

ACKNOWLEDGMENT

The authors wish to acknowledge the support from the
National Sciences and Engineering Research Council of
Canada (NSERC).

REFERENCES

[1] A.G.Y.P.K and D. P. Gaurang Panchal, “Behaviour Analysis of
Multilayer Perceptrons with Multiple Hidden Neurons and Hidden
Layers,” pp. 1793-8201, 2011.

[2] D. Liu, T.-S. Chang, and Y. Zhang, “A Constructive Algorithm for
Feedforward Neural Networks With Incremental Training,” /EEE
Trans. CIRCUITS Syst. Fundam. THEORY Appl., vol. 49, no. 12,
2002, doi: 10.1109/TCS1.2002.805733.

[3] R. Parekh, J. Yang, and V. Honavar, “Constructive neural-network
learning algorithms for pattern classification,” I[EEE Trans. Neural
Networks, vol. 11, no. 2, pp. 436451, Mar. 2000, doi:
10.1109/72.839013.

[4] T. Y. Kwok and D. Y. Yeung, “Constructive algorithms for
structure learning in feedforward neural networks for regression
problems,” IEEE Trans. Neural Networks, vol. 8, no. 3, pp. 630—
645, 1997, doi: 10.1109/72.572102.

[5] T. Ash, “Dynamic Node Creation in Backpropagation Networks,”
Conn. Sci., vol. 1, no. 4, pp. 365-375, Jan. 1989, doi:
10.1080/09540098908915647.

[6] D. E. Rumelhart, G. E. Hinton, and R. J. Williams, “Learning

representations by back-propagating errors,” Nature, vol. 323, no.

(7

(8]

(9]

[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

6088, pp. 533-536, 1986, doi: 10.1038/323533a0.

B. M. Wilamowski, D. Hunter, and A. Malinowski, “Solving
Parity-N Problems with Feedforward Neural Networks,” in
Proceedings of the International Joint Conference on Neural
Networks, 2003, vol. 4, pp- 2546-2551, doi:
10.1109/ijenn.2003.1223966.

R. Setiono, “On the solution of the parity problem by a single
hidden layer feedforward neural network,” Neurocomputing, vol.
16, no. 3, pp. 225-235, Sep. 1997, doi: 10.1016/S0925-
2312(97)00030-1.

Y. Lu, J. Yang, Q. Wang, and Z. J. Huang, “The upper bound of
the minimal number of hidden neurons for the parity problem in
binary neural networks,” Sci. China Inf. Sci., vol. 55, no. 7, pp.
1579-1587, Jul. 2012, doi: 10.1007/s11432-011-4405-6.

H. K. Fung and L. K. Li, “Minimal feedforward parity networks
using threshold gates,” Neural Comput., vol. 13, no. 2, pp. 319—
326, Feb. 2001, doi: 10.1162/089976601300014556.

R. C. Minnick, “Linear-Input Logic,” IEEE Trans. Electron.
Comput., vol. EC-10, no. 1, pp. 6-16, Aug. 2009, doi:
10.1109/tec.1961.5219146.

D. Hunter, H. Yu, M. S. Pukish, J. Kolbusz, and B. M.
Wilamowski, “Selection of proper neural network sizes and
architectures-A comparative study,” IEEE Trans. Ind. Informatics,
vol. 8 mno. 2, pp. 228240, May 2012, doi:

10.1109/TI1.2012.2187914.

S. Curteanu and H. Cartwright, “Neural networks applied in
chemistry. 1. Determination of the optimal topology of multilayer
perceptron neural networks,” J. Chemom., vol. 25, no. 10, pp. 527—
549, Oct. 2011, doi: 10.1002/cem.1401.

S. E. Fahlman and C. Lebiere, “The Cascade-Correlation Learning
Architecture,” Adv. Neural Inf. Process. Syst., pp. 524-532, 1990.

Y. Hirose, K. Yamashita, and S. Hijiya, “Back-propagation
algorithm which varies the number of hidden units,” Neural
Networks, vol. 4, no. 1, pp. 61-66, 1991, doi: 10.1016/0893-
6080(91)90032-Z.

G. Q. Sun, “Mathematical modeling of population dynamics with
Allee effect,” Nonlinear Dynamics, vol. 85, no. 1. Springer
Netherlands, 01-Jul-2016, doi: 10.1007/s11071-016-2671-y.

L. Fausett, “Fundamentals of Neural Networks — Architectures,
Algorithms, and Applications,” Prentice-Hall Inc., 1994, pp. 289—
302.

P. L. Narasimha, W. H. Delashmit, M. T. Manry, J. Li, and F.
Maldonado, “An integrated growing-pruning method for
feedforward network training,” Neurocomputing, vol. 71, no. 13—
15, pp. 2831-2847, 2008, doi: 10.1016/j.neucom.2007.08.026.

W. Bi, X. Wang, Z. Tang, and H. Tamura, “Avoiding the local
minima problem in backpropagation algorithm with modified error
function,” IEICE Trans. Fundam. Electron. Commun. Comput.
Sci., vol. E88-A, no. 12, pp. 3645-3653, 2005, doi:
10.1093/ietfec/e88-a.12.3645.

J. H. Ang, K. C. Tan, and A. Al-Mamun, “Training neural
networks for classification using growth probability-based

evolution,” in Neurocomputing, 2008, vol. 71, no. 16-18, pp.
3493-3508, doi: 10.1016/j.neucom.2007.10.011.




<<
  /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 /Error
  /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 true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /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
    /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
    /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
    /blex
    /blsy
    /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
    /CMB10
    /Cmbsy10
    /CMBSY10
    /CMBSY5
    /CMBSY6
    /CMBSY7
    /CMBSY8
    /CMBSY9
    /Cmbx10
    /CMBX10
    /Cmbx12
    /CMBX12
    /Cmbx5
    /CMBX5
    /Cmbx6
    /CMBX6
    /Cmbx7
    /CMBX7
    /Cmbx8
    /CMBX8
    /Cmbx9
    /CMBX9
    /Cmbxsl10
    /CMBXSL10
    /Cmbxti10
    /CMBXTI10
    /Cmcsc10
    /CMCSC10
    /Cmcsc8
    /CMCSC8
    /Cmcsc9
    /CMCSC9
    /Cmdunh10
    /CMDUNH10
    /Cmex10
    /CMEX10
    /CMEX7
    /CMEX8
    /CMEX9
    /Cmff10
    /CMFF10
    /Cmfi10
    /CMFI10
    /Cmfib8
    /CMFIB8
    /Cminch
    /CMINCH
    /Cmitt10
    /CMITT10
    /Cmmi10
    /CMMI10
    /Cmmi12
    /CMMI12
    /Cmmi5
    /CMMI5
    /Cmmi6
    /CMMI6
    /Cmmi7
    /CMMI7
    /Cmmi8
    /CMMI8
    /Cmmi9
    /CMMI9
    /Cmmib10
    /CMMIB10
    /CMMIB5
    /CMMIB6
    /CMMIB7
    /CMMIB8
    /CMMIB9
    /Cmr10
    /CMR10
    /Cmr12
    /CMR12
    /Cmr17
    /CMR17
    /Cmr5
    /CMR5
    /Cmr6
    /CMR6
    /Cmr7
    /CMR7
    /Cmr8
    /CMR8
    /Cmr9
    /CMR9
    /Cmsl10
    /CMSL10
    /Cmsl12
    /CMSL12
    /Cmsl8
    /CMSL8
    /Cmsl9
    /CMSL9
    /Cmsltt10
    /CMSLTT10
    /Cmss10
    /CMSS10
    /Cmss12
    /CMSS12
    /Cmss17
    /CMSS17
    /Cmss8
    /CMSS8
    /Cmss9
    /CMSS9
    /Cmssbx10
    /CMSSBX10
    /Cmssdc10
    /CMSSDC10
    /Cmssi10
    /CMSSI10
    /Cmssi12
    /CMSSI12
    /Cmssi17
    /CMSSI17
    /Cmssi8
    /CMSSI8
    /Cmssi9
    /CMSSI9
    /Cmssq8
    /CMSSQ8
    /Cmssqi8
    /CMSSQI8
    /Cmsy10
    /CMSY10
    /Cmsy5
    /CMSY5
    /Cmsy6
    /CMSY6
    /Cmsy7
    /CMSY7
    /Cmsy8
    /CMSY8
    /Cmsy9
    /CMSY9
    /Cmtcsc10
    /CMTCSC10
    /Cmtex10
    /CMTEX10
    /Cmtex8
    /CMTEX8
    /Cmtex9
    /CMTEX9
    /Cmti10
    /CMTI10
    /Cmti12
    /CMTI12
    /Cmti7
    /CMTI7
    /Cmti8
    /CMTI8
    /Cmti9
    /CMTI9
    /Cmtt10
    /CMTT10
    /Cmtt12
    /CMTT12
    /Cmtt8
    /CMTT8
    /Cmtt9
    /CMTT9
    /Cmu10
    /CMU10
    /Cmvtt10
    /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
    /Dcb10
    /Dcbx10
    /Dcbxsl10
    /Dcbxti10
    /Dccsc10
    /Dcitt10
    /Dcr10
    /Desdemona
    /DilleniaUPC
    /DilleniaUPCBold
    /DilleniaUPCBoldItalic
    /DilleniaUPCItalic
    /Dingbats
    /DomCasual
    /Dotum
    /DotumChe
    /DoulosSIL
    /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
    /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
    /KristenITC-Regular
    /KrutiDev040Bold
    /KrutiDev040BoldItalic
    /KrutiDev040Condensed
    /KrutiDev040Italic
    /KrutiDev040Thin
    /KrutiDev040Wide
    /KrutiDev060
    /KrutiDev060Bold
    /KrutiDev060BoldItalic
    /KrutiDev060Condensed
    /KrutiDev060Italic
    /KrutiDev060Thin
    /KrutiDev060Wide
    /KrutiDev070
    /KrutiDev070Condensed
    /KrutiDev070Italic
    /KrutiDev070Thin
    /KrutiDev070Wide
    /KrutiDev080
    /KrutiDev080Condensed
    /KrutiDev080Italic
    /KrutiDev080Wide
    /KrutiDev090
    /KrutiDev090Bold
    /KrutiDev090BoldItalic
    /KrutiDev090Condensed
    /KrutiDev090Italic
    /KrutiDev090Thin
    /KrutiDev090Wide
    /KrutiDev100
    /KrutiDev100Bold
    /KrutiDev100BoldItalic
    /KrutiDev100Condensed
    /KrutiDev100Italic
    /KrutiDev100Thin
    /KrutiDev100Wide
    /KrutiDev120
    /KrutiDev120Condensed
    /KrutiDev120Thin
    /KrutiDev120Wide
    /KrutiDev130
    /KrutiDev130Condensed
    /KrutiDev130Thin
    /KrutiDev130Wide
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothic
    /LetterGothic-Bold
    /LetterGothic-BoldOblique
    /LetterGothic-BoldSlanted
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LetterGothic-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
    /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
    /MTExtraTiger
    /MT-Symbol
    /MT-Symbol-Italic
    /MVBoli
    /Myriad-Bold
    /Myriad-BoldItalic
    /Myriad-Italic
    /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
    /SILDoulosIPA
    /SimHei
    /SimSun
    /SimSun-PUA
    /SnapITC-Regular
    /StandardSymL
    /Stencil
    /StoneSans
    /StoneSans-Bold
    /StoneSans-BoldItalic
    /StoneSans-Italic
    /StoneSans-Semibold
    /StoneSans-SemiboldItalic
    /Stop
    /Swiss721BT-BlackExtended
    /Sylfaen
    /Symbol
    /SymbolMT
    /SymbolTiger
    /SymbolTigerExpert
    /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
    /Tiger
    /TigerExpert
    /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 150
  /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 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 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 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 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 <<

    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata pogodnih za pouzdani prikaz i ispis poslovnih dokumenata koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /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 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SLV <>
    /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 5.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice




