
2006 Autumn semester Pattern Information Processing
Topic 4. Pattern recognition

Session 11. (2) Neural networks and learning algorithm

Neuron and neural network

The research on artificial neural networks started
from the modeling of biological neuron. From the
physiological point of view, a typical model in the
following was proposed:

1. A neuron accepts electrical and/or chemical
stimuli from other neurons.

2. If the total amount of accepted stimuli ex-
ceeds a threshold, the neuron is excited and
distributes stimuli to connected neurons.

This neuron model is schematically illustrated in
Fig. 1. Let us assume that xi, the status of the i-
th neuron, is either 1 (excited) or 0 (not excited),
and that the amount of stimulus distributed to each
of connected neurons is unity. A weight coefficient is
assigned to the interconnection between neurons, and
the stimulus from a connected neuron is magnified
by the corresponding weight coefficient. Formally,
Let x j be the status of the j-th neuron, and w ji be
the weight coefficient on the interconnection between
the j-th neuron and the i-th neuron. The amount of
the stimulus accepted by the i-th neuron from the j-
th neuron is w jix j, and the i-th neuron is excited if
the total amount of accepted stimuli,

∑
j w jix j, ex-

ceeds a certain threshold. Consequently, Let T be the
threshold and f be the threshold function defined as
follows:

f (x) =

⎧⎪⎪⎨⎪⎪⎩
1 x ≥ T,
0 x < T.

(1)

The i−th neuron is excited, i. e. xi = 1, if
f (
∑

j w jix j) = 1; xi = 0 otherwise.

The information processing by the neural network
is performed by the interconnection of many neurons.
The input information is given by the initial status of
the neurons, the status of each neuron is modified by
interchanging the stimuli, and the output information
is presented by the final status of the neurons.

The interconnection topology of neurons is briefly
categorized into layered or fully-interconnected ones.
The layered network, as illustrated in Fig. 2(a), was
proposed as a model of information processing by
human optic nerves. A set of information, for ex-
ample a visual pattern, is recorded by the whole neu-
rons on the first layer, and it is fed from one layer to
the next layer as stimuli flowing along one direction.
The final status of the final layer after the arrival of
the stimuli will be the output of the network. The
layered network is mainly used for image processing
and pattern recognition.

On the other hand, the fully-connected network, as
illustrated in Fig. 2(b), has no layers and each neuron
is connected to all the other neurons. The intercon-
nections of this kind of network are“programed”for
each problem, and the status is modified from the ini-
tial one by interchanging stimuli. The output of the
network, or the solution of the problem, is given by
the status of neurons after the interchanging opera-
tions converge, i. e. no more interchangings occur.
The fully-connected network is mainly used for the
optimum location problem and the associative mem-
ory.

The layered network, which is closely related to
the image processing, is solely explained in this ses-
sion.

Perceptron learning and its limitation

Perceptron is one of the simplest layered neural
network proposed at the early stage of neural network
research. The perceptron has three layers, which are
input, intermediate, and output ones, as shown in Fig.
3. The perceptron was proposed for pattern recogni-
tion. If the pattern “A” is put into the input layer, the
neuron corresponding to the character “A” is excited
in the output layer. If “B” is input, the output “B”
neuron is excited, etc.
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Fig. 1: neuron model.

The main characteristic of layered networks is
learning ability. The learning tunes so as to output
the desired values without any information except ex-
amples of input-output pair. The learning of the per-
ceptron is carried out only between the intermediate
layer and the output layer, explained in the follow-
ings. It is assumed that the output layer contains only
one neuron in the output layer, and its status is de-
noted as xO, as shown in Fig. 4.

1. Some examples of ideal input-output pair are
prepared. An ideal input-output pair is, for ex-
ample, as the input pattern “A” causes the sta-
tus “1” of the output neuron. In each input-
output pair, the status of the j−th neuron in the
intermediate layer is denoted as xH

j .

2. Initial weight coefficients between the interme-
diate and output layers, denoted wO

j , are set, for
example randomly.

3. An example input is given to the input layer,
and the output xO is examined.

4. Let the ideal output at the output layer be yO. If
the current output xO = 0 while the ideal out-
put yO = 1, i. e. xO − yO = −1, it is indicated
that
∑

j wO
j xH

j , the sum of stimuli to the neu-
ron in the output layer, is too small. Thus the
weight coefficients of the connections to the
neurons whose status xH

j is 1 in the interme-
diate layer are increased. If the current output
xO = 1 while the ideal output yO = 0, i. e.
xO − yO = +1, it is indicated that

∑
j wO

j xH
j is

too large. Thus the weight coefficients of the
connections to the neurons whose status xH

j is
1 in the intermediate layer are decreased. The
above procedure is formulated as updating the
weight coefficient of the connection between
the j-th neuron in the intermediate layer and

(a) (b)

Fig. 2: Topologies of neural networks. (a) layered network. (b) fully-interconnected network.
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Fig. 3: Layered neural network such as perceptron.
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Fig. 4: Learning of the weight coefficients
between two layers.

the output neuron to w′Oj , as follows:

w′Oj = wO
j − (xO − yO)xH

j . (2)

5. Steps 3 and 4 are repeated until the ideal output
is obtained.

The method is called the perceptron learning. This
method is simple but has a problem that the algo-
rithm does not always converge and wO

j walks on a
cycle of possible values forever. This is because the
amount of modification from wO

j to w′Oj is too large.
To solve this problem, the threshold function f is re-
placed with a continuous function, for example the
sigmoid function as follows:

f (x) =
1

1 + exp(−λ(x − T ))
, (3)

as shown in Fig. 5. The sigmoid function reduces
to the threshold function if the parameter λto∞. The
statuses of neurons, xH

j and xO, are considered con-
tinuous, and Eq. (2) is modified by introducing a
small positive number ε, called the learning coeffi-
cient, as follows:

w′Oj = wO
j + ε(y

O − xO)xH
j . (4)

This gradual learning method is called δ-rule.

The status of the output neuron of the perceptron
is determined as follows:

xO = f (
∑

j

wO
j xH

j ). (5)

This operation indicates that the status of the out-
put neuron is determined whether the weighted sum
of the status of neurons in the intermediate layer is
larger than the threshold value T or not. Let us con-
sider the simplest case that the intermediate layer
contains only two neurons xH

1 and xH
2 , and the sta-

tus of these neurons are indicated on the coordinate
plane, as shown in Fig. 6. The calculation in Eq. (5)
is expressed in the coordinate plane in Fig. 7(a) as
dividing the coordinate plane into two domains by a
straight line

wO
1 xH

1 + wO
2 xH

2 = T, (6)

and determines the output status xO by the domain
where the combination of values of xH

1 and xH
2 are

located.

A. Asano / Pattern Information Processing (2006 Autumn semester) Session 11 (Dec. 11, 2006) Page 3/7



x
T
0

1

Fig. 5: Sigmoid function.
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Fig. 6: Status of neuron. The pair (xH
1 , x

H
2 ) is on one of

four dots.

In case of the operation “xO =Exclusive OR
(XOR) of xH

1 and xH
2 ,” however, the domain where

xO = 1 and the domain where xO = 0 cannot be sepa-
rated by a straight line. Such operations is called lin-
early nonseparable. Thus the learning of the weight
coefficients of the connections between the interme-
diate and output layers, explained above, cannot ob-
tain XOR of xH

1 and xH
2

1. Since the interconnec-
tions between the input and intermediate layers are
not modified, the desired pattern recognition is not
always achieved by the learning.

This is a limitation of the perceptron. This was
pointed out by Minsky and Papert, and they also
stated that there were many problem that could not
be solved by the perceptron under the practical re-
strictions on the construction of the input and in-
termediate layers, and that the learning of the in-
terconnections between the intermediate and output
layers could not achieve practically meaningful is-
sues. Their results had very big impact, and re-
searchers’ interests in neural networks were sud-
denly lost. To overcome this limitation, a learning
method not only for the interconnections between the
intermediate and output layers but also for the inter-
connections of overall network must be developed.
It is the error back propagation algorithm, which is
explained in the next section.

Error back propagation algorithm

In the cases of the perceptron learning and the δ-
rule in the previous section, the ideal input-output
pairs are given as the status of the input and output
layers only. Thus the difference (or error) between
the current and ideal outputs, minimized by the learn-
ing, is obtained only for the output layer. The percep-
tron learning and the δ-rule modify the weight coeffi-
cients between the output layer and the adjacent layer
(the (n − 1)th layer if the network has n layers) using
this error.

To modify the weight coefficients between the
(n − 1)th and (n − 2)th layers by the similar method,
it is necessary to determine the error at each neuron
in the (n − 1)th layer. To achieve this, the error at a
neuron on the output layer must be assigned to each
neuron on the (n − 1)th layer. The error at a neuron
of the output layer is assigned based on the following
idea:

[1] The larger the weight coefficient between a neu-
ron on the (n − 1)th layer and the output neuron is,
the larger the amount of error should be assigned to
this neuron, since the modification at this neuron be-
comes more effective at the output layer.

[2] The status of each neuron on the (n− 1)th layer is
determined by the weighted sum of the stimuli from
the (n− 2)th layer transferred by a nonlinear function
like the sigmoid function. The larger the modification
ratio of the status of a neuron subject to the modifi-

1The perceptron learning does not converge if the ideal input-output pairs are not linearly separable. The δ-rule converges to the
weight coefficients where the square error from the ideal output is the minimum.
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Fig. 7: Linear separability. (a) the white dot and the black dots are linearly separable. (b) Exclusive OR. The
white dots and the black dots are not linearly separable.
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Fig. 8: Error back propagation method.

cation of the sum of stimuli is, the larger the amount
of error should be assigned to this neuron, since the
modification at this neuron becomes more effective at
the output layer. In other words, the more “sensitive”
a neuron is, the more error should be assigned.

These ideas are formulated generally for the k-th

and (k + 1)th layers as follows, as illustrated in Fig.
8. Let the error assigned to the j-th neuron on the k-th
layer be δkj, and the error assigned to the l-th neuron
on the (k + 1)th layer be δk+1

l . Let the weight coef-
ficient between the j-th neuron on the k-th layer and
the l-th neuron on the (k + 1)th layer be wk

j
(k+1)
l . Let

the status of the j-th neuron on the k-th layer be xk
j.

The idea [1] mentioned above indicates that the
error assignment of δkj from the l-th neuron on the

(k + 1)th layer is proportional to wk
j

(k+1)
l . Since the

sum of stimuli from the (k − 1)th layer to the j-th
neuron on the k-th layer, denoted S k

j , is as follows:

S k
j =
∑

i

w(k−1)
j

k
l xk−1

i , (7)

the idea [2] indicates that the error assignment of δkj

from the l-th neuron on the (k+1)th layer is also pro-
portional to dxk

j/dS k
j . Since these errors are assigned

from the neurons on the (k+1)th layer and these sum
is δkj, we get

δkj =
∑

l

⎛⎜⎜⎜⎜⎜⎜⎝wk
j

k+1
l

dxk
j

dS k
j

⎞⎟⎟⎟⎟⎟⎟⎠ δk+1
l . (8)

Let f () be a nonlinear function, for example the sig-
moid function, used here instead of the threshold

A. Asano / Pattern Information Processing (2006 Autumn semester) Session 11 (Dec. 11, 2006) Page 5/7



function. Since
xk

j = f (S k
j), (9)

we get
dxk

j

dS k
j

= f ′(S k
j), (10)

and Eq. (8) is rewritten to

δkj =
∑

l

(
wk

j
k+1
l f ′(S k

j)
)
δk+1

l

=

⎡⎢⎢⎢⎢⎢⎢⎣
∑

l

(wk
j

k+1
l δ

k+1
l )

⎤⎥⎥⎥⎥⎥⎥⎦ f ′(S k
j). (11)

Equation (11) determines the error amount assigned
to the j-th neuron on the k-th layer from the error at
each neuron on the k-th layer. In case k = n, i. e. at
the output layer, this equation is not applicable since
the (k + 1)th layer does not exist. However,

δnl = (xn
l − yl) f ′(S n

l ), (12)

where yl is the ideal output at the l-th neuron on the
output layer, since the error at the output layer is the
difference between the ideal and current outputs.

Equations (11) and (12) determine the error as-
signed to every neuron on every layer. Applying the
δ-rule in Eq. (4) to these errors, the updated weight
coefficient w′ k

j
k+1
l is obtained as follows:

w′ k−1
j

k
l = wk−1

j
k
l − εδkl xk−1

j (13)

The above method of learning for multilayer neural
networks is called the error back propagation (EBP)
method, since the errors are propagated from the out-
put layer back to the previous layers.

The EBP method in Eq. (13) derived above from
the ideas [1] and [2] has been proved to modify the
weight coefficients along the direction of the largest
error reduction at each modification. It is called that
the modification is the steepest descent. The proof
is on the appendix, and the meaning of the steepest
descent is explained here.

The sum of square errors is uniquely determined
for a set of the weight coefficients. If we consider the
coordinate space each of whose bases is each weight
coefficient, we can consider a “field” whose value

at each point corresponds to the sum of square er-
rors. The modification of weight coefficients is mov-
ing along a pass in this space. The steepest descent
means moving from the current point along the direc-
tion where the reduction of the sum is the largest.

We now consider what this direction is. Let x be a
point in the space, and f (x) be a function giving the
sum of square errors in our problem. Let x(s) be a
point on a pass in this space with a parameter s.

The gradient vector at x(s) on the pass is expressed
as

b =
dx
ds
. (14)

Differentiating f along the direction of the pass, we
get

∂ f
∂s
=
∂ f
∂x
· dx

ds
= b · grad f , (15)

where grad f is the vector derived by the differentia-
tion of f (x) along each coordinate. For example, if x
is three-dimensional and denoted x = (x, y, z), grad f
is the vector

(
∂ f
∂x
,
∂ f
∂y
,
∂ f
∂z

). (16)

Equation (15) indicates that the largest reduction of
f is achieved if b, the gradient on the pass, is parallel
to grad f but in the opposite direction. Consequently,
the direction of the steepest descent of f is −grad f .

Note that the direction of the steepest descent is
the direction where the reduction of f is currently the
largest, but not the direction to the minimum of f .

Appendix. Proof that the EBP method achives the
steepest descent

We define the sum of square errors between the
current output, or the status of neurons on the n-
th layer, and the ideal output for an example input-
output pair as follows:

E =
1
2

∑

l

(xn
l − yl)2. (A1)

It can be considered that E is a function of the weight
coefficients. By differentiating E with respect to the
weight coefficient wk−1

j
k
l , we find

∂E
∂wk−1

j
k
l

=
∂E
∂S k

l

· ∂S
k
l

∂wk−1
j

k
l

, (A2)
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and it follows from Eq. (7) in the main text that

∂S k
l

∂wk−1
j

k
l

=
∂

∂wk−1
j

k
l

∑

i

wk−1
i

k
l xk−1

i = xk−1
j . (A3)

By setting

δkl =
∂E
∂S k

l

, (A4)

the substitution of Eqs. (A3) and (A4) into Eq. (A2)
yields

∂E
∂wk−1

j
k
l

= δkl xk−1
j . (A5)

Comparing this equation with Eq. (13), i. e.

w′ k−1
j

k
l = wk−1

j
k
l − εδkl xk−1

j ,

which is the equation expressing how to modify the
weight coefficients, we find that Eq. (13) modi-
fies the weight coefficients along the direction of
∂E/∂wk−1

j
k
l , i. e. −gradE, and that the modification

by Eq. (13) achieves the steepest descent of E.

It is shown in the following that δ in Eq. (A4) is
equivalent to δ derived from the ideas [1] and [2] in
the main text. In the case of k � n, we get by rewrit-
ing Eq. (A4)

∂E
∂∂S k

j

=
∑

l

∂E
∂S k+1

l

· ∂S
k+1
l

∂xk
j

·
∂xk

j

∂S k
j

. (A6)

It follows from Eq. (10) in the main text,

dxk
j

dS k
j

= f ′(S k
j), (A7)

and by replacing the suffices of Eq. (7), we get

S k+1
l =

∑

i

wk
i

k+1
l xk

i , (A8)

then we get
∂S k+1

l

∂xk
j

= wk
j

k+1
l . (A9)

The substitution of Eqs. (A7) and (A9) into (A6)
yields

∂E
∂∂S k

j

=
∑

l

∂E
∂S k+1

l

· wk
j

k+1
l · f ′(S k

j). (A10)

It follows from the definition of δ in Eq. (A4) that

δkj =
∂E
∂S k

j

, δk+1
j =

∂E
∂S k+1

l

. (A11)

The substitution of Eq. (A11) into Eq. (A10) yields

δkj =
∑

l

δk+1
j · wk

j
k+1
l · f ′(S k

j)

=

⎡⎢⎢⎢⎢⎢⎢⎣
∑

l

(wk
j

k+1
l δ

k+1
j )

⎤⎥⎥⎥⎥⎥⎥⎦ f ′(S k
j), (A12)

and it is identical to the definition of δ in the main
text.

In the case of k = n, we get from Eq. (A4)

∂E
∂S n

l
=
∂E
∂xn

l
· dxn

l

dS n
l
. (A13)

From Eq. (A1), the definition of the sum of square
errors, we get

∂E
∂xn

l
=

∂

∂xn
l

⎧⎪⎪⎨⎪⎪⎩
1
2

∑

l

(xn
l − yl)2

⎫⎪⎪⎬⎪⎪⎭
= xn

l − yl (A14)

The substitution of Eq. (A14) into Eq. (A13) yields

∂E
∂S n

l
= (xn

l − yl) ·
dxn

l

dS n
l
. (A15)

From the definition of δ in Eq. (A4) we get

δnl =
∂E
∂S n

l
, (A16)

and it follows from Eq. (S11app07) that

dxn
l

dS n
l
= f ′(S n

l ), (A17)

and the substitution of Eqs. (A16) and (A17) into Eq.
(A15) yields

δnl = (xn
l − yl) f ′(S n

l ), (A18)

which is identical to the definition of δ by Eq. (12) in
the main text.

A. Asano / Pattern Information Processing (2006 Autumn semester) Session 11 (Dec. 11, 2006) Page 7/7



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /SyntheticBoldness 1.00
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /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 ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /FRA <>
    /ENU (Use these settings to create PDF documents with higher image resolution for improved printing quality. The PDF documents can be opened with Acrobat and Reader 5.0 and later.)
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308000200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e30593002537052376642306e753b8cea3092670059279650306b4fdd306430533068304c3067304d307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /KOR <FEFFd5a5c0c1b41c0020c778c1c40020d488c9c8c7440020c5bbae300020c704d5740020ace0d574c0c1b3c4c7580020c774bbf8c9c0b97c0020c0acc6a9d558c5ec00200050004400460020bb38c11cb97c0020b9ccb4e4b824ba740020c7740020c124c815c7440020c0acc6a9d558c2edc2dcc624002e0020c7740020c124c815c7440020c0acc6a9d558c5ec0020b9ccb4e000200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /CHS <FEFF4f7f75288fd94e9b8bbe7f6e521b5efa76840020005000440046002065876863ff0c5c065305542b66f49ad8768456fe50cf52068fa87387ff0c4ee563d09ad8625353708d2891cf30028be5002000500044004600206587686353ef4ee54f7f752800200020004100630072006f00620061007400204e0e002000520065006100640065007200200035002e00300020548c66f49ad87248672c62535f003002>
    /CHT <FEFF4f7f752890194e9b8a2d5b9a5efa7acb76840020005000440046002065874ef65305542b8f039ad876845f7150cf89e367905ea6ff0c4fbf65bc63d066075217537054c18cea3002005000440046002065874ef653ef4ee54f7f75280020004100630072006f0062006100740020548c002000520065006100640065007200200035002e0030002053ca66f465b07248672c4f86958b555f3002>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


