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Abstract– Fuzzy inference models can conduct
advanced inference using knowledge which is eas-
ily understood by humans. In this paper, we
propose a leaning fuzzy inference model. The
model can learn with experience data obtained
by trial-and-error of a task. The learning of the
model is executed after each 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. We
confirm the performance of the model by expe-
riences and the validity of learning by investiga-
tion of the knowledge acquired by the learning.

I. Introduction

Over the past few decades, a considerable number
of studies have been conducted on the intelligence sys-
tem as typified by a robot. The systems are expected to
behave autonomously using their knowledge in an envi-
ronment.

In recent years, the concern with the system that
acquires knowledge by learning has been growing. In
such a research, the system acquires knowledge based
on interaction in the environment. If a designer eas-
ily interprets 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. Additionally if prior knowledge that
the designer has is fed to the system, the system can
learn more effectively using it as a bias. That is to say,
it brings many advantages that humans interpret the
knowledge of the system.

Fuzzy inference model can use knowledge which is
easily interpreted by humans. The model can conduct
advanced inference like humans and has been applied to
many intelligent systems. In the model, the knowledge
is described in if-then rule form. In this paper, we focus
on the learning fuzzy inference model.

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

ing method. In the first group, models learn by us-
ing supervised learning method[1]. This is an efficient
method when input-output training data (teacher data)
are available, but it is difficult to determine teacher data
in a changing environment. Moreover, it cannot learn
based on an evaluation value which means the success
or failure of a trial of a task; note that the evaluation is
not teacher data. In the second group, models learn by
using genetic algorithm[2, 3]. It is possible to learn with
the evaluation value, but the method requires much cal-
culation for learning. Therefore, it is difficult for the
model to adapt to environment changes.

In the third group, models learn by using reinforce-
ment learning (RL)[4, 5]. RL is on-line learning through
interactions with a dynamic environment and it is pos-
sible to learn based on an evaluation value (reward).
Many conventional models using RL learn the optimum
behavior by a searching the environment, but it requires
large number of trials-and-errors[4]. On the other hand,
there are some models to learn based on experiences[5].
The knowledge learned by these models is not always op-
timum, but the learning requires relatively small num-
ber of trials-and-errors. Several studies have been made
on the fuzzy inference model that learns based on ex-
periences, however, little attention has been given to
investigation into the knowledge acquired by learning.

In this study we propose a new fuzzy inference model
which learns based on experiences and investigate the
knowledge acquired by learning. In proposed model,
the learning executes after each end of a trial. Hence, it
is expected that an achievement rate of a task increases
with repetition of the trials. Many conventional mod-
els which learn based on experiences learn only from
either experience of success or failure, but the proposed
model can learn from both experiences. In the model,
the knowledge is described in if-then rule form and it
is easy to understand by humans. We confirm perfor-
mance of the model by using a robot navigation task
simulation. We investigate the knowledge acquired by
the learning.



Figure 1. Proposed model.

II. The Proposed Model

Fig.1 shows the structure of the proposed model.
The model consists of a fuzzy inference unit and a buffer.
The model tries to achieve a task by using own knowl-
edge. One trial is defined as a period from the start
of the task until the end. The model reasons and de-
cides actions several times during a trial(Fig.1(a)). In-
put/output (I/O) data of the fuzzy inference unit are
stored in the buffer during a trial, and are exploited
in learning mode with the evaluation value (Fig.1(b)).
Evaluation value E, which is an evaluation for the trial,
is fed to the model at the end of trial. The model up-
dates own knowledge by learning. As a result, the model
acquires the knowledge which is suitable for the environ-
ment. Regardless of the success or failure of the trial,
learning is executed sequentially at every trial.

A. Fuzzy inference unit

The unit has n fuzzy rules described in if-then form.
Rulei represents ith fuzzy rule is written as follows:

Rulei : if x1 is Ai1 · · · and xj is Aij and · · ·
· · · and xm is Aim then yi = bi

(i = 1, 2, · · · , n),(1)

where x1, x2, · · · , xm are input variables and yi is an
output variable. Ai1, Ai2, · · · , Aim are linguistic labels
which represente fuzzy sets and bi is a constant output
value. y∗ is a result of inference and calculated by:

µi =
∏m

j=1Aij(xj) (i = 1, 2, · · · , n), (2)

y∗ =
∑n

i=1 µiyi/
∑n

i=1 µi, (3)

where µi is a firing strength of the ith rule and Aij(xj)
is a membership function of xj shown as fig.2. In fig.2,
cij and σijk are center and width of the membership
function Aij(xj), respectively. The membership func-
tion used in the model has two different widths in the
left and right. k is an index to represent which width to
use. If cij ≥ xj, we set k = L, otherwise we set k = R.
I/O data (x1, x2, · · · , xm and y∗) of the fuzzy inference
unit are stored in the buffer during a trial and called
learning data.

Figure 2. Membership function.

B. Learning mode

In the learning mode, the model learns with the
learning data and the evaluation value (Fig.1(b)). Each
parameter of the membership function is updated by
learning.

The evaluation value E(−1 ≤ E ≤ 1) has positive
value when a trial succeeded. When a trial failed, E has
negative value. When E is positive, the model learns to
reinforce I/O relationships of the learning data, that is
success learning. When E is negative value, the model
learns the repulsive relationships, that is failure learn-
ing.

We will now discuss a problem which is caused by us-
ing the learning scheme. Generally, a tactic to achieve
a task is not only one. In the same task, inputs to
the same output are dispersed, because different tac-
tics choose the same output for different inputs. The
success learning occasionally becomes unstable by such
dispersion, because the rule which learns from the data
obtained by a tactic is influenced by the learning from
the data obtained by other tactic. It also has to be
considered that the learning becomes unstable in the
failure leaning. The cause of the instability is that all
of the learning data obtained by the failure trial is not
necessarily an improper relationship.

If a learning rate is very reduced, this problem in the
success learning can be avoided, however, that causes
decrease of the learning speed. In the failure leaning, the
schemes that use information about a time have been
proposed [5, 6]. In those schemes, the I/O data is stored
with the time stamp. The data which is observed in the
far past from the time when a task failed is considered
as correct data and used to learn. However, this scheme
depends on a task, because the inference just before the
failure is not necessarily causes of the failure in all task.
We cope with the problem in other scheme.

We will take a close look at a change of the fuzzy
rule. The rule represents the I/O relationships by an
if-part and a then-part. Each part is changed by the
learning. The if-part shows an input area which is ex-
pressed by the membership functions. The cause of the
instability in the success learning is that the changing
of the input area is sensitive to the dispersion of the
learning data. The cause of the instability in the fail-
ure learning is that the proper relationship represented



by the rule is changed for the worse by learning. We
expect that learning data which represents proper rela-
tionships exists near the center of input area. There-
fore, we propose the learning scheme which refers the
distance between the center of input area and learning
data. In the scheme, the learning data which is near the
center of input area exerts big influence on the learning,
in success learning. On the other hand, the data which
is apart from the center exerts a small influence. In fail-
ure learning, the learning data which is near the center
of input area exerts small influence. On the other hand,
the data which is apart from the input area exerts a big
influence. It is expected to prevent that the learning
becomes unstable by using the scheme.

The learning process is given below.

(1) A set of learning data (xl, yl) = (xl
1, x

l
2, · · · , xl

m, yl)
is picked from the buffer.

(2) µl
i which is the firing strength of ith rule for xl

is calculated from eq.(2) and is is defined as is =
augmaxiµ

l
i.

(3) cisj and bis are updated as follows:

cnew
isj = cold

isj + αEAisj(xl
j)(x

l
j − cold

isj ) if E ≥ 0
(j = 1, 2, · · · , m), (4)

bnew
is

= bold
is

+ βµl
is

E(yl − bold
is

) if E ≥ 0, (5)

where α and β are learning rates. In the eq.(4),
Aisj(xl

j), which is a membership function, indicates
the influence of the distance between the center of in-
put area and the learning data. Consequently, as the
distance becomes small, the influence on the learning
grows.

(4) The width is updated as follows:

σnew
ijp =

⎧⎪⎪⎨
⎪⎪⎩

σold
ijp − γ1EAisj(xl

j)µ
l
i if E ≥ 0,

σold
ijp − γ2E(1 − Aisj(xl

j))(1 − Aij(xl
j))

if E < 0,

(i = 1, 2, . . . , n, j = 1, 2, . . . , m), (6)

where γ1, γ2 are learning rates. A parameter p rep-
resents which width of left-right is updated and it is
shown in the following:

p =

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

L if cisj < xl
j ≤ cij & i �= is

or xl
j ≤ cij ≤ cisj & i �= is,

R if cij ≤ xl
j ≤ cisj & i �= is

or cisj ≤ cij ≤ xl
j & i �= is,

φ otherwise,

(7)

if p = φ, neither width is updated. The width of
the rule except for the isth rule is decreased cor-
responding to µl

i, when E has positive value. On
the whole, the firing strength µl

is
is increased in the

Figure 3. (a) Mobile robot. (b) Input variables.

success learning. When E has negative value, the
width of the rule except for the isth rule is increased
by eq.(6). On the whole, the firing strength µl

is

is decreased in the failure learning. In the eq.(6),
Aisj(xl

j), 1 − Aisj(xl
j) and 1 − Aij(xl

j) indicate the
influence of the distance.

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

III. Experimental Results and Discussion

We carry out a mobile robot simulation[3], and we
confirm the performance of the model and the validity
of the learning by investigation of the knowledge ac-
quired by the learning. The robot navigation task aims
at moving of a mobile robot from start to goal with-
out any collisions with a wall. Fig.3(a) shows the top
view of the robot. A diameter of the robot is 20cm.
The robot has a sensor which can detect an obstacle.
The sensing area is ±30 degree to the traveling direc-
tion and maximum depth of the sensing area is 200cm.
The robot moves based on the information which is ob-
served from the environment. If there is an obstacle in
the area, the model executes the inference and decides
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 observa-
tion. The robot moves forward L[cm] every step during
the trial. Fig.3(b) shows input variables, x1 is the angle
formed by the nearest detected wall and the traveling
direction. The x2 is the shortest distance between the
robot and the detected wall. The fuzzy inference unit
infers a steering angle from the input variables and puts
out it. The maximum steering angle is ± 10 degree. 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 started. In fig.4(a), a broken line represents the
range of start positions of the robot. The start position
is decided at random within the range at every trial. E
is fed to the model at the end of every trial. When the



Figure 4: (a) Course of robot navigation. (b) Member-
ship function.

robot reaches the goal, we set E = 1. When the robot
collides with the wall, we set E = −1. We confirm the
performance of learning by using the same navigation
task without learning (test task). In the experiment,
whenever the learning mode finished, the trial of the
test task is executed 100 times. When the trial of the
test task finished, the robot starts a new trial in learning
mode. The achievement rate of the test task is expected
to increase as learning time increases.

In the experiment, parameters are α = 0.004, β =
0.0001, γ1 = 110, γ2 = 0.004 and L = 10. We give two
simple rules as a prior knowledge to the model. When
there is the nearest wall in the left of the robot (x1 <
0.5), the robot turns the steering wheel to the right by
the rule1. When there is the nearest wall in the right of
the robot (x1 > 0.5), the robot turns the steering wheel
to the left by the rule2. Fig.4(b) shows the membership
functions of x1 of each rule which are given as the prior
knowledge. In both rules, same membership function
was given for x2. The center and of the membership
function of x2 are 0.75, respectively.

Fig.5(a) is the result of the experiment, and indicates
the relation between the number of trials and average of
achievement rates. A solid line indicates the case using
the proposed learning method, and broken line indicates
the case using the learning method without considering
the distance between the input area and the learning
data. In the learning method without considering the
distance, we used the learning laws eq.(4) and (6) where
Aisj(xl

j), 1−Aisj(xl
j) and 1−Aij(xl

j) are replaced with
1. In the case using proposed learning method, achieve-
ment rate is increased stably to 95.5% from 74%, and
kept. In the other case, achievement rate is unstable
as shown by the error bar which represents dispersion.
It was found from the result that the model can stably
learn by using the proposed learning method.

The acquired knowledge is investigated by observing
the membership function in after 60th trial (fig.5(b)).
We investigate the change of membership function of
x1. In fig.5(b), before the learning (t = 0), the point of
intersection of each membership function is 0.5. After
60th trial (t = 60), the point changes to 0.39. Therefore,

Figure 5: (a)Achievement rates. (b)Membership func-
tion.

even if x1 is a little smaller than 0.5, the firing strength
of rule 2 is higher than rule1, and consequently the robot
steers to the left. As a result, the knowledge that tends
to turn to the left was acquired by repetition of the trial
and the learning.

In this experiment, we also confirmed that the achieve-
ment rate is raised to 1.76% of average by the failure
learning at a time.

IV. Conclusion

In this paper, we propose the fuzzy inference model
that learns based on experiences and investigate the
knowledge acquired by the learning. The model can
learn from both experiences of success and failure. In
the model, the knowledge is described in if-then rule
form and it is easy to interpret by humans. We con-
firmed performance of the model by using the robot
navigation task simulation, and investigated the knowl-
edge acquired by the learning. A further direction of
this study will be that we adapt the model to an envi-
ronment which changes.

References

[1] Nishina, T. and Hagiwara, M.: Fuzzy inference neural net-
work, Neurocomputing , Vol. 14, pp. 223–239 (1997).

[2] Furuhashi, T., Nakaoka, K., Morikawa, K., Maeda, H. and
Uchikawa, Y.: A Study on Knowledge Finding Using Fuzzy
Classifier System, Journal of Japan Society for Fuzzy Theory
and Systems, Vol. 7, No. 4, pp. 839–848 (1995). in Japanese.

[3] Itani, H. and Furuhashi, T.: A Study on Teaching Informa-
tion Understanding by Autonomous Mobile Robot, Trans. of
SICE , Vol. 38, No. 11, pp. 966–973 (2002). in Japanese.

[4] Jouffe, L.: Fuzzy Inference System Learning by Reinforcement
Method, IEEE Trans. Syst., Man, Cybern., part C , Vol. 28,
No. 3, pp. 338–355 (1998).

[5] Takahama, T., Sakai, S., Ogura, H. and NAKAMURA, M.:
Learning Fuzzy Rules for Bang-Bang Control by Reinforce-
ment Learning Method, Journal of Japan Society for Fuzzy
Theory and Systems, Vol. 8, No. 1, pp. 115–122 (1996). in
Japanese.

[6] Unemi, T.: Learning not to Fail by Instance-based Reinforce-
ment Learning Method, Journal of Japanese Sociaty for Ar-
tificial Intelligence, Vol. 7, No. 6, pp. 1001–1008 (1992). 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.)
    /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


