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Abstract

A fuzzy inference model for learning from experiences
(FILE) is proposed. The model can learn from experience
data obtained by trial-and-error of a task and it can stably
learn from both experiences of success and failure of atrial.
The learning of the model is executed after each of trial of
the task. Hence, it is expected that the achievement rate
increases with repetition of the trials, and that the model
adapts to change of environment. In this paper, we confirm
performance of the model by applying the model to a robot
navigation task simulation and investigate the knowledge
acquired by the learning.

1. Introduction

Over the past few decades, a considerable number of
studies have been conducted on the intelligence system as
typified by arobot. Inrecent years, the concernwith the sys-
tem that acquires knowledge by learning has been growing.
In such aresearch, the system acquires knowledge based on
interaction in the environment. If a designer easily inter-
prets the knowledge which the system acquired, he or she
can make use of the information to design the system, which
facilitates the construction of a more flexible system. Addi-
tionally if prior knowledge that the designer hasisfed to the
system, the system can learn more effectively using it as a
bias. That isto say, it brings many advantages that humans
interpret the knowledge of the system.

Fuzzy inference model can use knowledge which is eas-
ily interpreted by humans. The model can conduct ad-
vanced inference like humans and has been applied to many
intelligent systems. In the model, the knowledge is de-
scribed inif-then rule form.

Recent studies on learning fuzzy inference model can
be classified into three main groups according to learning

method. Inthefirst group, modelslearn by using supervised
learning method[1, 6, 7]. Thisis an efficient method when
input-output training data (teacher data) are available, but it
is difficult to determine teacher datain a changing environ-
ment. Moreover, it cannot learn from an evaluation value
which means the success or failure of atrial of atask; note
that the evaluation is not teacher data. I1n the second group,
models learn by using genetic algorithm[2, 4]. It ispossible
to learn from the evaluation value, but the method requires
much calculation for learning. Therefore, it is difficult for
the model to adapt to environment changes.

In the third group, models learn by using reinforcement
learning (RL)[5, 8]. RL is on-line learning through inter-
actions with a dynamic environment and it is possible to
learn from an evaluation value (reward). Many conventional
models using RL learn the optimum behavior by a search-
ing the environment, but it requires large number of trials-
and-errorg[5]. On the other hand, there are some models
to learn based on experience[8]. The knowledge learned
by these models is not always optimum, but the learning
requires relatively small number of trials-and-errors. Sev-
eral studies have been made on the fuzzy inference model
that learns from experiences, however, many conventional
models which learn from experiences learn only from expe-
rience of either success or failure. Additionally little atten-
tion has been given to learning in a changing environment
and investigation into the knowledge acquired by learning.

We focus on a fuzzy inference model for learning from
experiences (FILE) which is proposed by the authorg[3].
FILE can stably learn from both experiences of success and
failure. In the model, the learning executes after each end
of atrial. Hence, it is expected that an achievement rate
of atask increases with repetition of the trials. In this pa-
per, we confirm performance of the model by applying the
model to arobot navigation task simulation, and we inves-
tigate change of the knowledge caused by an environmental
change.
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Figure 1. FILE. (a) Trial mode. (b) Learning
mode.

2. Proposed model : FILE

Fig.1 shows the structure of FILE. FILE consists of a
fuzzy inference unit and a buffer. FILE tries to achieve a
task by using own knowledge. One trial is defined as a pe-
riod from the start of a task until the end. FILE reasons
and decides actions severa times during a tria (Fig.1(a)).
For example a sensor information as an input is given to the
fuzzy inference unit, and the unit decides an output. Such
input/output (1/0) data by the fuzzy inference unit are stored
in the buffer during a trial. The stored data, which mean
experiences, are exploited in learning mode with the eval-
uation value (Fig.1(b)). Evaluation value E, which is an
evaluation for the trial, is fed to FILE at the end of trial.
FILE updates own knowledge by learning. As a result, the
model acquires the knowledge which is suitable for the en-
vironment.

2.1. Trial mode

In the trial mode, FILE tries to achieve a task by using
own knowledge. The inference is executed at the fuzzy in-
ference unit and that result is outputted. The unit has n
fuzzy rules described in if-then form. Rule’ represents ith
fuzzy ruleiswritten as follows:

Rule® : if z1 is Ajp -
co-and x,, IS Ay, then y =b;
(7’:1727577’)7(1)

and T is Aij and- - -

where x1, xa, - - -, x,,, @einput variables and y is an output
variable. A;q, Aso, - - -, Ay @elinguistic labels which rep-
resent fuzzy sets and b; is a constant output value. y* is a
result of inference and calculated by:
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Figure 2. Membership function.

where p; isafiring strength of theith rule and A4;;(z;) isa
membership function of z; (fig.2) and calculated by:

Aij () = eXP(—(Ij - Cz‘j)Q/Uz'ij)’
(7::1,2,"',77,,].:1,2,"',7”)7 (4)

where ¢;; and o, are parameters to give center and width,
respectively. The membership function used in the model
has asymmetric widths o;;1, and o;; in the left and right.
k is an index to represent which side of the function. If
cij > xj, weset k = L, otherwise we set £ = R. 1/0
data(zy, zo, - - -, x,,, and y*) of the fuzzy inference unit are
stored in the buffer during atrial, which are called learning
data.

2.2. Learning mode

In the learning mode, FILE learns from the learning data
and the evaluation value (Fig.1(b)). Each parameter of the
membership function is updated by learning. The evalua-
tion vaue E(—1 < E < 1) has a positive value when a
trial succeeded. When atrial failed, F has a negative value.
When F is positive, the model learns to reinforce 1/0 re-
lationships of the learning data. When FE is negative, the
model learns the repulsive relationships. The learning pro-
cessis given below.

(1) A setof learning data (!, y') = (2!, 2%, - - -
picked from the buffer.

l AN
b, yl)is

(2) pt which is the firing strength of ith rule for z! is
calculated from eq.(2) and is is calculated by i =
augmax; .

(3) ci.; and b;, are updated as follows:

cig’ = c?sl? +aFA; (xé)(zz - cfslgl) if £>0

(j:1,2,~~~,m), (5)

b =63 + Bul E(y' —9'") ifE >0, (6)

where o and /3 are learning rates.



(4) Thewidths of the membership functions are updated as
follows:

ol —EA; j(xh) it £>0,
Tiip =\ o — yB(1 — Ay ;(z})(1 — Ag(ah))
if <0,

(i=12,....,n,7=12,....m), (7)

where 1, v2 are learning rates. The index p is deter-
mined as the following:

L ifCisj<$§-§Cij&i§£i5
or Ié < Cij < Cigj & Z?é g,
p= R if cijgxé-gcisj &Z#Zs (8)
or ci,j < Cij < Ié & Z;ﬁ g,

¢ otherwise.

If p = ¢, neither width is updated. The width of the
rule except for the isth rule is decreased corresponding
to ul, when E has a positive value. On the whole, the
firing strength i, isincreased. On the other hand, the
firing strength ., is decreased when E' has a negative
value.

(5) After the above operation is completed, the data used
for the learning is deleted from the buffer, and then the
procedure (1) - (4) is repeated. The learning mode is
finished when there is no data in the buffer.

From the viewpoint of the interpreting of the rule by hu-
mans, it is more desirable that the model has few rules.
However, learning often becomes unstable by an influence
of dispersion of the learning data when a model has a few
rules. FILE can execute stably learning even if there are
few rules[3]. In the eq.(5), Aisj(xz-) prevents the learning
from becoming unstable due to the dispersion of the learn-
ing data. A learning data which is apart from the center of
membership function 4;_; (xz-) exerts small influence onthe
learning, thus the learning becomes stable. In the eq.(7), the
roleof A, ;(x}),1— A; j(«}) and 1 — Ay;(a}) isstabiliza-
tion of the learning, as we said earlier[3].

Naturally, the model has the limits of the adaptability by
using only a few rules without addition of the new rules.
Therefore, this model should be improved in order that it
can add arule, but in this paper, we are not concerned with
that.

3. Experimental results and discussion

We apply FILE to arobot navigation task simulation[4]
and confirm the performance of themodel. Additionally, we
investigate change of the knowledge caused by an environ-
mental change. The robot navigation task aims at moving
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Figure 3. (a) Top view of a mobile robot. (b)
Input variables. x; is the angle between the
traveling direction and the wall. x5, 23 and x4
are the distances between the robot and the
wall, respectively.

of a mobile robot from start to goal without any collisions
with awall. Fig.3(a) shows the top view of the robot. The
diameter of therobot is 20cm. Therobot has a sensor which
can detect obstacles. The sensing areais +30 degreesto the
traveling direction and the maximum depth of the sensing
areais 200cm. The robot moves based on the information
which is observed from the environment. If there is an ob-
stacle in the area, the model executes the inference and de-
cides the traveling direction. When there is no obstacle in
the area, the robot goes straight without the inference. One
step is defined as that the robot moves by an observation.
The robot moves forward L[cm] every step. Fig.3(b) shows
input variables, x; isthe angle between the traveling direc-
tion and the nearest detected wall. z» isthe shortest distance
between the robot and the detected wall. x5 and x4 are the
distances between the robot and the walls detected at the
right and left edge of the sensing area. The fuzzy inference
unit infers a steering angle from the input variables and puts
out it. The maximum steering angle is +-10 degrees. In the
fuzzy inference unit, each input variable and output value
are normalized.

The experiment is carried out by using the course as
shown in fig.4(a). The robot moves to the goal from the
start by repeating the inference. One trial is defined as that
the robot reaches the goal or collides with the wall after
start. Infig.4(a), a broken line represents the range of start
positions of the robot. The start position is chosen at ran-
dom within the range at every trial. £ is fed to the model
at the end of every trial. When the robot reaches the goal,
we set £ = 1. When the robot collides with the wall, we
set ¥ = —1. We confirm performance of learning by using
the same navigation task without learning (test task). In the
experiment, whenever alearning mode finished, the trial of
the test task isexecuted 100 times. When the trial of the test
task finished, the robot starts a new trial for learning mode.
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Figure 4. (a) Course of robot navigation. (b)
Membership functions of z; of each rule
which are given as the prior knowledge.

The achievement rate of the test task is expected to increase
as learning time increases.

In the experiment, parameters are « = 0.004,3 =
0.0001, v, = 110,v2 = 0.004. We give two simple rules
asaprior knowledge to the model. When there is the near-
est wall in the left of the robot (z; < 0.5), the robot turns
the steering wheel to theright by Rule!. When there isthe
nearest wall in the right of the robot (z; > 0.5), the robot
turnsthe steering wheel totheleft by Rule?. Fig.4(b) shows
the membership functionsof x; of each rulewhich are given
as the prior knowledge. FILE cannot execute the learning,
if adesigner cannot give any prior knowledge for it. We as-
sume that FILE is used under the environment where a de-
signer can give it some knowledge. In both rules, the same
membership function was given for x5, x3 and z4. The cen-
ter and width of the membership function of x5 are 0.7 and
0.5. The center and width of the membership functions of
r3 and x4 are both 0.5.

3.1. Change of the speed

In this experiment, the speed of the robot is changed
from L = 10 to 25. We set L = 10 until the 30th trial,
and we set L = 25 afterwards. The experiment is carried
out by using a 2-input model and a 4-input model. The 2-
input model infers only from input variables x1 , z», and the
4-input model infers from input variables x4, xo, x3, 24.

Fig.5istheresult of the experiment, and indicatesthe re-
lation between the number of trials and average of achieve-
ment rates. A solid line indicates the 2-input model, and
broken line indicates the 4-input model. A chain dash line
indicates the case using the 2-input model although the
speed is fixed to 25 from the beginning of the task. The
achievement rates of 2-input and 4-input models increase
to 95.4% and 95.8% until speed is changed. Each rate in
the 31st trial drops to 90.6% and 89.7%, however, until the
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Figure 5. Relation between the number of tri-
als and average of achievement rates.

100th trial, each rate is increased to 93.1% and 94.1% by
the learning after the change of the speed.

The acquired knowledgeisinvestigated by observing the
membership function (fig.6). Firstly, we investigate the
change of membership function of z,(fig.6(a)). Before the
learning (¢ = 0), the cross point of the functionsis 0.5. In
the 30th and 100th trial (¢ = 30, 100), the cross point moves
to 0.39 and 0.37, respectively. Even if z; isalittle smaller
than 0.5, the firing strength of Rule? is higher than Rule!,
therefore the robot steers to the left. This means that the
knowledge that tendsto turn to the left was acquired by rep-
etition of the trial and the learning. Such tendency becomes
stronger as the speed increases. It wasfound from the result
that the robot adapts to the increase of the speed by chang-
ing own knowledge.

We also investigate the change of the membership func-
tions of x5 and x4 of the 4-input model. Fig.6(b) shows the
membership functions of x5 and x4 in Rule? at the 100th
triad. Rule? means turning the steering wheel to the left.
The model learned the knowledge that the robot turns to the
left, if x4 islarger than x3. Thisknowledge is suitable, be-
cause this relation between x5 and x4 is observed when the
wall is on the right of the robot. Asaresult, FILE learned
the suitable membership function of =3 and =4 in Rule?.

Furthermore, we confirm that the knowledge which uses
x3 and x4 changes to the effective knowledge in each en-
vironment by learning. Fig.7 shows the trgjectories of the
robot of 4-input model in the test task. These tragjectories
were obtained by inference that used only x5 and x4. The
robot starts from the same position and direction in each
trajectory. In fig.7, the small circle represents the robot.
Before the learning (t = 0) the robot goes straight on the
wall and collides. After 30 trials (f = 30), the robot can
reach the goal, however, the robot becomes unable to reach
the goal again owing to increase in speed (¢t = 31). Finaly
therobot reachesthe goal by the learning in the changed en-
vironment (¢ = 100). The result shows that the knowledge
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Figure 7. Trajectories of the robot.

which uses x3 and x4 changes to the effective knowledge
for each environment by learning.

3.2. Change of the course

By another experiment, the course is changed during the
experiment. Until the 30th trial, left turn course as shown
in fig.4(a) is used, and right turn course is used after that.
Only adirection of a corner varies and width and length are
the same. The speed of the robot is constant (L = 10).
Fig.8 is the result of the experiment. A solid line indicates
the case using 2-input model, and broken line indicates the
case using 4-input model. The achievement rates of 2-input
and 4-input models increase to 93.6% and 94.3% until the
courseis changed. Each ratein the 31st trial dropsto 34.6%
and 31.3%. Until the 100th trial, each rate is increased to
91.6% and 89.3% by the learning after the change of the
course.

Fig.9(a) shows the membership functions of x;. In the
30th and 100th trial (¢t = 30, 100), the cross point is 0.41
and 0.54. It can be said that the robot acquired the know!-
edge that tends to turn to the direction of each course.

Fig.9(b) shows the membership functions of z3 and =4
in Rule! at the 100th trial. In this figure, relation between
x3 and x4 is opposite to fig.6(b). Rule! means turning the
steering wheel to the right. It can be said that the model
learned the suitable membership functions of z3 and x4 in
Rule'.
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Figure 8. Relation between the number of tri-
als and average of achievement rates.
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Figure 9. (a) Membership functions of z; of
each rule. (b) Membership functions of x3
and z4 in Rule'.

The difference in the center of each membership func-
tion in fig.9(b) is small in comparison with the previous
experiment(fig.6(b)). This difference results from the dif-
ference in the speed of the robot. Fig.10 shows behavior of
the robot which avoids colliding. In Fig.10(a) and (b), the
start positions of the robots are the same. The case that the
robot moves forward at low speed is shown infig.10(a). The
robot can avoid colliding without approaching the wall very
much. The case that the robot moves forward at high speed
is shown in fig.10(b). The robot goes to the wall closer in
comparison with fig.10(a), because the speed of therobot is
fast. Fig.10 shows that though the robots turn in the same
way to the left, observed x5 is smaller when the speed is
faster. It can be said that the difference of the center of the
membership functions in each speed results from such dif-
ference of the observed variables.

4. Conclusion

In this study, we focus on a fuzzy inference model for
learning from experiences (FILE) which is proposed by the
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Figure 10. Behavior of the robot which avoids
colliding. (a) Low speed. (b) High speed.

authorg[3]. FILE can stably learn from both experiences of
successand failure. Inthe model, the learning executes after
each end of atrial. In this paper, we applied the model to an
environment which changes and confirmed performance of
the model by using arobot navigation task simulation. Ad-
ditionally we investigated change of the knowledge caused
by an environmental change. In the experiment, we showed
that the robot adapts to a changing environment and ac-
quires knowledge which is suitable for each environment
by the learning.

A further direction of this study will be that we add
mechanism which generate new rule to the model and adapt
the model to more complicated tasks.

Acknowledgment

Thiswork is supported in part by the 21st Century COE
Program (Grant N0.14170017).

References

[1] M. Er, T. P. Tan, and S. Y. Loh. Control of a mobile robot
using generalized dynamic fuzzy neural networks. Micropro-
cessors and Microsystems, 28:491-498, 2004.

[2] T. Furuhashi, K. Nakaoka, K. Morikawa, H. Maeda, and
Y. Uchikawa. A study on knowledge finding using fuzzy clas-
sifier system. Journal of Japan Society for Fuzzy Theory and
Systems, 7(4):839-848, 1995. in Japanese.

[3] M. Gouko, Y. Sugaya, and H. Aso. Learning fuzzy infer-
ence model and acquisition of knowledge. Proceedings of
the 3rd student-organizing international mini-conference on

information electronics system (SOIM-COEOQ5), pages 285—
288, 2005.

[4] H. Itani and T. Furuhashi. A study on teaching information
understanding by autonomous mobile robot. Trans. of SCE,
38(11):966-973, 2002. in Japanese.

[5] L. Jouffe. Fuzzy inference system learning by reinforcement
method. |EEE Trans. Syst., Man, Cybern., part C, 28(3):338—
355, 1998.

[6] G.Leng, T. M. McGinnity, and G. Prasad. An approach for
on-line extraction of fuzzy rules using a self-organising fuzzy
neural network. Fuzzy Setsand Systems, 150:211-243, 2005.

[7] T.Nishinaand M. Hagiwara. Fuzzy inference neural network.
Neurocomputing, 14:223-239, 1997.

[8] T. Tekahama, S. Sakai, H. Ogura, and M. Nakamura. Learn-
ing fuzzy rules for bang-bang control by reinforcement learn-
ing method. Journal of Japan Society for Fuzzy Theory and
Systems, 8(1):115-122, 1996. in Japanese.




<<
  /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
  /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.)
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /KOR <FEFFd5a5c0c1b41c0020c778c1c40020d488c9c8c7440020c5bbae300020c704d5740020ace0d574c0c1b3c4c7580020c774bbf8c9c0b97c0020c0acc6a9d558c5ec00200050004400460020bb38c11cb97c0020b9ccb4e4b824ba740020c7740020c124c815c7440020c0acc6a9d558c2edc2dcc624002e0020c7740020c124c815c7440020c0acc6a9d558c5ec0020b9ccb4e000200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /CHS <FEFF4f7f75288fd94e9b8bbe7f6e521b5efa76840020005000440046002065876863ff0c5c065305542b66f49ad8768456fe50cf52068fa87387ff0c4ee563d09ad8625353708d2891cf30028be5002000500044004600206587686353ef4ee54f7f752800200020004100630072006f00620061007400204e0e002000520065006100640065007200200035002e00300020548c66f49ad87248672c62535f003002>
    /CHT <FEFF4f7f752890194e9b8a2d5b9a5efa7acb76840020005000440046002065874ef65305542b8f039ad876845f7150cf89e367905ea6ff0c4fbf65bc63d066075217537054c18cea3002005000440046002065874ef653ef4ee54f7f75280020004100630072006f0062006100740020548c002000520065006100640065007200200035002e0030002053ca66f465b07248672c4f86958b555f3002>
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308000200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e30593002537052376642306e753b8cea3092670059279650306b4fdd306430533068304c3067304d307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


