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Abstract. A new modelwhichcanrecognizerotated,distorted,scaled,shifted
andnoisedpatternsis proposed.Themodelis constructedbasedonpsycholog-
ical experimentsin amentalrotation.Themodelhastwo typesof processes:(i)
oneis a bottom-upprocessin which patternrecognitionis realizedby means
of a rotation-invariantneocognitronanda standardneocognitronand (ii) the
otheris a top-down processin whichamentalrotationis executedby meansof
a modelof associative recall in visualpatternrecognition.In computersimula-
tions,it is shown thatthemodelcanrecognizerotatedpatternswithout training
thosepatterns.
Keywords. rotation-invariantneocognitron,rotatedpattern,mentalrotation,top-
down process,patternrecognition

1 Intr oduction

In usualwecanrecognizepatternsevenif thoseareaffectedby distortionsin shapes,shifts
in positions,and/orrotations.However it is difficult to realizea recognitionsystemwhich
is robustfor suchmany kindsof deformation.Actually, someof systems[1] canrecognize
rotatedpatternsbut cannot recognizedistortedpatterns,a systemproposedin [2] causea
combinationalexplosionof units,andasystemproposedin [3] is robustonly for translation
androtationsat every ���	� . However, they arenot necessarilysatisfactoryin thesensethat
they cannot recognizerotated,distorted,shifted,scaledandnoisedpatterns.For example,
somemodelscanrecognizedistortedpatternsbut cannot recognizerotatedones.It is very
importantto realizeareliablerecognitionsystemwhich is insensitiveto mostdeformations
describedabove.

Wehaveproposedarotation-invariantneocognitron[4,5], which is anextendedmodel
of a (standard)neocognitron[6], to satisfymostall demandsof patternrecognition.It has
beenshown that therotation-invariantneocognitronis robust for rotation,distortion,shift,
scaling,and noiseby computersimulations.The rotation-invariant neocognitronis con-
structedas a feedforward network basedon the idea that simple patternscould be rec-
ognizedby meansof a bottom-upprocesseven if the patternsarerotated,shifted,scaled



andsoon. Therotation-invariantneocognitron,however, learnsimplicitly rotatedpatterns
in any angleswhena standard(non-rotated)patternis presentedat a training phase.This
learningprocessof therotation-invariantneocognitronmaybeeffective for simplepatterns
but notbeeffectivefor complicatedpatterns,e.g. Chinesecharacters,becausehugenumber
of cells/connectionsandvery long learningtime areneededto make possibleto recognize
suchrotatedandcomplicatedpatterns.Although humanscancorrectly recognizerotated
patterns,it doesnot necessarilymeanthathumanslearnor storeall rotatedpatternsin any
angles.

We think that such complicatedand rotatedpatternscould not be recognizedby a
bottom-upprocessonly, andtop-down processescouldplayoneof importantrolesin order
to realizeacomplicatedandrotatedpatternrecognition.Indeed,psychologicalexperiments
have beenshown that informationof mentalrotationplay oneof importantroles in rec-
ognizingrotatedpatterns.ShepardandMetzlershowedby psychologicalexperimentsthat
largerrotationanglesof apatterncauseslongerrecognitiontime of thepattern[7]. In their
study, they proposedthe existenceof mentalrotation in recognitionprocessesin sucha
rotatedpattern.Wecanalsoseefrom theresultthathumansexecutea mentalrotationafter
a tentative resultof recognitionof the rotatedpatternis obtained(seeFig. 1(b)), because
humanscan not calculatethe differenceof directionsbetweenthe rotatedpatternand a
standardone(Fig. 1(d)) without the tentative result for the rotatedone.Here,the “tenta-
tive result” meansthat the result is not necessarilycoincidewith a correctcategory of a
presentedpattern.To know the direction of the rotatedpattern,humanshave to make a
hypothesis(tentative result)for thecategory of the rotatedpattern.We considerthatmen-
tal rotationhasan informationin verifying the hypothesis,andthe recognitionprocesses
of rotatedpatternsaredonethroughthe verificationsof iterative hypothesesby meansof
the informationof a mentalrotationandknowledgesof storedpatterns[8]. Therefore,we
assumethata mentalrotationis a top-down process.On thecontrary, it is apparentthata
recognitionsequenceby theneocognitron-typenetwork is abottom-upprocess.

In this paper, we examinetheprocessof recognitionof rotatedpatternsfrom a psycho-
logicalpointof view andconstructanew modelin whichthementalrotationis executedby
meansof feedbackprocesses(top-down processes).Theaim of this paper, however, is not
to constructa modelwhich realizea mentalrotationbut to constructa morerealisticand
reliablemodelto recognizerotated,scaled,distortedshiftedandnoisedpatterns.

2 Algorithm of the New Model

Fromthestudyfor recognitionof complicatedandrotatedpatternsdiscussedin theprevious
section,wegiveanalgorithmto recognizecomplicatedandrotatedpatternsin Fig. 1. Next,
wewill givemoredetailsaboutprocessesor structuresshown in Fig. 1.

2.1 Bottom-up Process:Hybrid-Neocognitron

BasicIdea to Construct a Bottom-up Process.Wegiveabasicideato constructabottom-
up recognitionsystem,which is ableto recognizedistorted,scaled,shiftedandnoisedpat-
terns.

If we recognizea rotatedpattern,what kinds of patternsdo we usean informationof
mentalrotation?Weclassifypatternsinto two classes,mental-rotation-requiredandmental-
rotation-freepatterns,by useof thecriterionwhetherthementalrotationis neededto cor-
rectly recognizea rotatedpatternor not. Humanscancorrectlyrecognizerotatedpatterns
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Fig.1. Overview of the systemfor recognitionof complicatedand rotatedpatterns.The
processis dividedinto two parts:(i) a bottom-upprocessof a recognitionsystemand(ii) a
top-down processof a systemwith associative recall.Mentalrotation,(d) and(e), requires
a tentative recognitionresult(b) andtherecalledpattern(c).

and thoseorientationsin an instantwithout help of mentalrotation if thoserotatedpat-
ternsarecomparatively simple like a T-shapedpattern,cross-shapedpatternor � -shaped
pattern.Suchsimplepatternsarecomposedof two or more line segmentswith different
orientations(wecall suchsegmentsorientedsegments[10]). Weclassifythosepatternsinto
mental-rotation-freepatterns.On the other hand,rotatednumerals,alphabetsor Chinese
charactersarenot correctly recognizedin an instantandthoseorientationsarenot deter-
minedin aninstant.Thosecomplicatedpatternsarecomposedof many T-shapedpatterns,
cross-shapedpatternsandso on. We classify suchpatternsinto mental-rotation-required
patterns.Examplesof eachclassesin numeralsaredepictedin Table.1. Thedifferencebe-

Table 1. Theclassificationof complexities of patternsfrom a psychologicalpoint of view
and complexities to be detectedin eachmoduleof a rotation-invariant neocognitronor
a standardneocognitron.The lower layer detectscomparatively simplepatterns(mental-
rotation-freepatterns)andthe higher layer detectscomplicatedpatterns(mental-rotation-
requiredpatterns).

module� � � � � � ��
Features

23
57

Class mental-rotation-free mental-rotation-required



tweenmental-rotation-freeandmental-rotation-requiredpatternsis dueto whetherhumans
havealreadylearnedandstoredall rotatedpatternsin any anglesor not.

In this paper, we constructthe bottom-upsystemfor recognitionof complicatedand
rotatedpatternsbasedon the systemof a rotation-invariantneocognitronanda standard
neocognitron[6]. In therotation-invariantneocognitronandthestandardneocognitroncom-
plexities of patternscanbeclassifiedinto four classes.Therotation-invariantneocognitron
andthestandardneocognitronaremulti-layerednetworksandeachof thosehastheretina,���

, andbasicallyfour modules
� � , � � , � � and

��
(eachmodelhasnine layerssinceeach

module
���������������������! 

, consistsof two layers,
��"!�

and
�$#%�

). Lower modules,
� � and

� � ,
detectcomparatively simplepatternsandhighermodules,

� � and
��

, complicatedpatterns.
Examplesof patternsto bedetectedin eachmoduleis depictedin Table1. We canregard
patternsdetectedin

� � and
� � asmental-rotation-freepatternsbecausethosepatternsare

orientedsegmentsor composedof two or moreorientedsegmentsandpatternsdetectedin� � and
��

asmental-rotation-requiredpatternsbecausethoserequirea mentalrotationfor
correctrecognition.

We canseefrom Table1 that the psychologicalclassificationof complexities of pat-
ternscorrespondsto the classificationby the serial numberof modulesin the rotation-
invariantneocognitronor thestandardneocognitron.Therefore,themodelof a bottom-up
type recognitionsystemhave two modules:(i) the lower modulesarecomposedof ones
of a rotation-invariantneocognitron,in which all thesimplerotatedpatternsin any angles
(mental-rotation-freepatterns)aredetected,and(ii) thehighermodulesarecomposedof a
standardneocognitron,in which only standardcomplicatedpatternsaredetected.

Theschematicstructureis depictedin theupperpartof Fig. 2. Thenumberof cells is
reducedby replacinghighermodulesof a rotation-invariantneocognitronby highermod-
ulesof astandardneocognitron.Wenamethebottom-upsystemahybrid-neocognitron.We
notethat thehybrid-neocognitronis ableto recognizedistorted,scaled,shiftedandnoised
patternssincethehybrid-neocognitroninheritstheall functionsof astandardneocognitron.

TentativeRecognitionof RotatedPatternsUsingHybrid-Neocognitron If thosevalues
of thresholdof feature-detectingcells and other parametersremainfixed in the hybrid-
neocognitron,themodelcannot recognizerotatedpatterns(all cells in

��#	
, gnosticcells,

make no response)becausea standardneocognitroncan not recognizerotatedpatterns.
However, in orderto produceaninformationof amentalrotationin therotatedpattern(see
Fig. 1(b)), the hybrid-neocognitron,however, hasto give a tentative recognitionresult in
someway. We noteagainthat the tentative result of recognitionneedsnot to be correct
one,andthetentative resultis a hypothesisproducedby a hybrid-neocognitron.Moreover,
amentalrotationgivesaninformationin verifying thehypothesis.Theproblemis thathow
to make a tentative recognitionresultfor therotatedpatternusinga bottom-upmodelonly
whichhasnot learnedor storedrotatedpatterns.

Here,we give resultsof a psychologicalexperimentwith respectto recognitionof ro-
tatedpatternsby twelvesubjects.Theaim of theexperimentis to analyzewhethersubjects
canmake a correctrecognitionin rotatedpatternswithout a mentalrotationor not. The
conditionsis

– anexperimenternotesasubjectthatapatternis rotated,
– apatternshown in Fig. 3 is presentedin thefront of thesubject,
– andthesubjectis forcedto reportthecategoryof thepatternassoonaspossible.
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Fig.2. Upperpart:thestructureof abottom-upsystem,ahybrid-neocognitron.Lowerpart:
the structureof a modelof associative recall.The hybrid-neocognitronis composedof a
rotation-invariant neocognitronin the lower moduleand a standardneocognitronin the
highermodule.Thestructureof associativerecallis sameasoneof thehybrid-neocognitron.
(b)–(e)arecorrespondto processes(b)–(e)shown in Fig. 1.

Thelastitemof theconditionintendsto forceasubjectto recognizearotatedpatternwith-
out a mentalrotation.Theresultis very interesting.All of twelve subjectsreportthat “the
patternis 2” beyond doubtwhenthe leftmostpatternin Fig. 3 is presentedalthoughthe
patternis a rotatedoneof a mirror imageof “2”. We concludethat theabsolutepositions
of local featureswhich composethewholeof a patternis ignoredif onehasto recognize
the patternusing only a bottom-up-typeprocess.In our bottom-upsystem,theseresults
aregiven by extendingthe region of blurring operationby C-cells in

��# � , ��# � and
��#	

andby decreasingthresholdvaluesof S-cellsin
��" � and

��"/
. Thus,our bottom-upsystem

with theextendingblurring operationanddecreasingthresholdvaluescangive a tentative
recognitionin a rotatedpattern.Detailsareexplainedin theSection3.

Fig. 3. Examplesof patternsto testa recognitionability withoutmentalrotation.

2.2 Associative Recall of Standard Pattern

After making hypothesisfor a rotatedpattern,the standardpatternis recalledusing the
knowledgeaboutthe pattern.The associative recall is given by the modelwhich is con-



structedbasedontheselectiveattentionandassociativerecallmodelgivenbyFukushima[11].
In thepresentpaperthefunctionof selectiveattentionis omittedfor simplicity.

Thestructureandconnectionsof our associative recallmodelaresimilar to theoneof
thehybrid-neocognitronbut theflow of informationis oppositedirections,from thehighest
moduleto thelowestmodule(seethelowerpartof Fig.2).As theresult,arecalledpatternis
ablurredpattern(anaveragepattern)of thetentativerecognitionresultfor arotatedpattern.

3 Mathematical description of the Model

3.1 Bottom-up Process:Hybrid-Neocognitron

Mathematicaldescriptionof the hybrid-neocognitronis sameas the oneof the rotation-
invariantneocognitronbecausetherotation-invariantneocognitronincludesastandardneo-
cognitron.

The structureof the hybrid-neocognitronis shown in the upperpart of Fig. 2.
���

is
a modelof retina.

��"!�
denotesa layer consistingof S-cellsin the

�
th module,and

�$#%�
a

layerconsistingof C-cells.An S-cell is a feature-detectingcell anda C-cell hasa blurring
functionsothat themodelis robust for rotationor distortion.Lower layers,

��" � , ��# � , ��" �
and

��# � , is composedof anumberof cell-planestacks[4, 5], anddifferentcell-planestacks
detectdifferentfeaturesof inputs(acell-planestackis referredto as“CPS”).A CPSis com-
posedof a numberof cell-planes(referredto asCP(s))[6], andeachCPdetectsa different
rotationangleof thelocalpattern(a localpatternwhichcomposesaninputpatternis called
as“features”).Eachcell in a CPSis locatedin a three-dimensionalspace.A rotationalin-
formationof a local patternis representedby the serialnumber 021 assignedto a CP in a
CPS,andthepositionalinformationby theposition 34025 � 02687 of a firing cell in thespecific
CP.

An outputresponseof anS-cell locatedon 9 � 3�025 � 0:6 � 0;1�7 of the < th CPSin the
�
th

moduleis denotedby = "!� 349 � <>7 , andanoutputresponseof aC-cellby = #%� 349 � <>7 . Theoutput
response= "!� 3�9 � <>7 is givenby

= "/� 349 � <>7 �@?A��BDC EFFG �IHKJ�IH ?A��IHL?A� BNMPO �RQTSSU � (1)C 3WV27 �YX[ZD\ 3�V � �	7 � (2)

where J]�_^a`Rbdc�egf �hiRj � hkmlAn b o � 3 k � 9 ��pq� <�7 B = #%� f � 3�9 rs `tbdcue k ��p 7 � (3)M;�_v�� 3w<�7 B =yx � 349z7R{ (4)

A binomialoperatorr| with } is definedby~������ ������ 025Dr|�� 5I���W�
� 025 H � 5 �026Ar|�� 6P���W�� 026 H � 6 �0;1�r| � 1 ���W�� 340;1 H � 1R7 X���� }Y{ (5)



Here
?A�

denotesa thresholdvalueof anS-cell, o � 3 k � 9 ��pq� <�7 representsanexcitatorycon-
nectionfrom a C-cell to an S-cell and

v�� 3w<>7 an inhibitory connectionfrom a V-cell to an
S-cell —a V-cell sendsinhibitory inputsto S-cellsandarenot depictedin Fig. 2 for sim-
plicity. Eachconnectionis linkedto arestrictednumberof C-cellsin theprecedingmodule,� ����� �

, � #%� denotesthenumberof CPSsin the
��#%�

layer, and � #�� thenumberof CPsin
the

�$#%�
layer.

An outputresponseof aV-cell is givenby

=>x � 349z7 � ����� ^ `tbdcue f �hiRj � hk�l8n b � � 3 k 7 B>� = #%� f � 349 rs `Rbdc�e k ��p 7�� � (6)

where � � 3 k 7 is anexcitatoryconnectionfrom aC-cell to aV-cell, which takesafixedvalue
duringa learning.

An outputresponseof aC-cell is givenby

= #%� 349 � <>7 �@� EG hkml8� bR� � 3 k 7 B = "!� 349�rsA� b k � <>7 QU � (7)

wherethefunction
�

is definedby � 3�V27 � C 3�V27C 3WV27 H@� { (8)

Here � � 3 k 7 is an excitatory connectionfrom an S-cell to a C-cell, � � �¡� �
representsa

restrictedregion of the connectionand � "!� the numberof CPsin the
��"!�

layer. C-cells in
the last layer, = #	 3�9 � <>7 , aregnosticcells,andsoa maximumlyfiring C-cell representsa
recognitionresultwith highestlikelihoodamongtheall of categories.

The parametersaboutthe numberof CPSs,CPsand cells are given in Table 2. The
initial sizesof theareas,

� �
and � � , aregivenin Table3.

Table2.Thenumberof cell-planestack,andthenumberof cellsin onecell-planestack.The
numbersin columnsmarkedby asterisksarenotdefined,andthenumbersin parenthesesin
columnsareonesaftercompletionof learning.�;� � �a���¢�a�£�¤�a�Y�¥�a�@ �a� � �q�¦�¢�a�Y�¥�a�@�§�a�@ � "!� ¨

1 (6) (22) (10) � #%� 1 1 (6) (22) (10)©ª"!� ¨
59 17 13 3

©«#%�
61 19 17 10 1� "!� ¨

16 8 1 1 � #%� 1 8 4 1 1

During a learningphase,excitatory connectionso � 3 k � 9 ��pq� <�7 and inhibitory connec-
tions

v�� 3w<>7 aremodifiedaccordingto anunsupervisedlearningusingseed-cell[9]. An al-
gorithm proposedby authors,auto-generatingalgorithm [10], by which learningtime is
drasticallyreducedin theunsupervisedlearningis alsoadopted.

Duringarecognitionphase,all gnosticcell wouldmakenoresponseif a largely rotated
patternis presentedin

���
. At thattime, thehybrid-neocognitronexecutethefollowing two

processes;(i): themodeldecreasesthevalueof thresholdof S-cellsin
��" � and

��"/
and(ii):



Table 3. The sizeof areaconnectedwith onecell,
� �

and � � . The sizein parenthesesin
columnsis oneaftercompletionof extendingthesize,discussedin section2.1.�a�¦� �q�£� �a�@� �a�@ � � ��¬��¬®� �¯¬°�¯¬²± ³´¬µ³¶¬®� �¯¬²�¯¬®�� � ³¯¬²³¯¬°� �¯¬°��¬� 3 ³¶¬µ³¶¬²± 7 ³¯¬²³¯¬®� 3w· ¬ · ¬®� 7 ��¬°�¶¬®� 3 ³¶¬°³¶¬®� 7
spreadstheblurring region of C-cellsin

��# � , ��# � and
��#%

asdiscussedin thesection2.1.
The process(i) is denotedby

?8�¹¸º�¼»²B%?8� 3 �½�¾���� 7 , wherethe notation
¸d�

is usedin the
senseof computerlanguagePASCALand

»
is anattenuationconstant.Extendedregionsof

blurringoperationis givenin parenthesesof Table3.

3.2 Top-Down Process:Associative Recall

The structureof the modelof associative recall (the lower part in Fig. 2) is sameasthe
oneof hybrid-neocognitronexceptthe directionof the flow of information.Eachlayer is
denotedby ¿ � , ¿ "!� and ¿ #%� , 3 �[� �	���������� 7 . The output of the recognitionlayer in a
hybrid-neocognitron,

��#	
, is sentback to lower modulesthroughbackward pathsof the

associative recallmodelandtheflow reachestherecall layer ¿ � .
Theoutputof a À #%� cell in ¿ #%� andthecell ÀÁx � in ¿ "!� in thebackwardpathsaregiven

by

À #%� 349 � <>7 �K� EGÃÂ ��B ~� � ^ � bÅÄ%ehiRj � hk�l8n bÅÄ%e o �dÆ � 3 k � 9 � < ��p 7 B À "/�dÆ � 3�9 ÇsA� bÅÄ	e k ��p 7O hkIlAn bÅÄ	e � �dÆ � 3 k 7 B ÀÁx �dÆ � 349 Çs8� bÅÄ%e k 7�È ÉÊ QU � (9)

ÀÁx �dÆ � 349z7 � ?8�dÆ ��IHË?8�dÆ � ^ � bÅÄ	ehiRj � v��dÆ � 3 p 7 B = "!�ÌÆ � 349 ��p 7 � (10)

where Â � is apositiveconstant.Theoutputof a À "!� cell in ¿ "!� is givenbyÀ "!� 3�9 � <>7 �@Íy��B hkIlN� b�� � 3 k 7 B À #%� 3�9ÎÇs `tb k � <>7 � (11)

where
Íy�

is apositiveconstant.
The learningof the modelof associative recall is executedby following the learning

of the hybrid-neocognitron.For example,if a new CPSor CP is generatedin the hybrid-
neocognitron,the sameCPSor CP is alsogeneratedin the associative recall model.The
network is designedsothat thevariablebackwardconnectionsis automaticallyreinforced
in the following manner:afterfinishing thereinforcementof the forwardconnections,the
backward connectionsdescendingfrom a À " cell areautomaticallyreinforcedto have a
strengthproportionalto the forward connectionsascendingto the = " cell which makesa
pair with the À " cell.



Fig.4. Examplesof trainingpatterns.

3.3 Angle Estimation

Thedifferencein orientationbetweena rotatedpatternandtherecalledstandardpatternis
estimatedin orderto determinetheangleof amentalrotation.In estimatingthedifference,
asshown by thepsychologicalexperimentin Section2.1 theabsolutepositionalinforma-
tion is ignoredat comparingthosetwo patterns.The angleestimatorcomparesprojected
patternson 0;1 -axesin

��"!�
and ¿ "!� becausetheabsolutepositionalinformationof a feature

is representedby aposition 340:5 � 0:687 . Thedifferenceof orientations,Ï , is givenbyÏ � Z�Ð/Ñ	X[ZD\Ò 1 j �!Ó Ô � ÓÖÕÖÕÖÕ Ó Ô s8�w× f ��Ø = " � 3�0;1 � <�7 B À " � 34021 rs �w×ÚÙ¯Û � <>7ÝÜ � (12)= " � 3�0;1 � <�7 � hÞ8ß Ó ÞAà l8á �g× = " � 349 � <>7 � À " � 34021 � <>7 � hÞAß Ó Þ8à l8á �w× À " � 3�9 � <>72{ (13)

4 Simulation

We examinetheability of thenew modelfor the recognitionof realistichand-writtennu-
merical patternsprovided by ETL-1 database1. We usefive hundredstraining patterns
(seeFig. 4 for examples)andonethousandstestpatterns.Thesetof testpatternsincludes
patternswhich aregeneratedby rotatingstandardpatternsin ETL1 databaseby useof a
computer. Examplesof correctlyrecognizedpatternsis shown in Table4. Thevaluein col-
umn Ïãâåäçæ in Table4 is an actualrotationaldifferencebetweena patternin the database
andtherotatedones.Thedifferenceof anglesbetweencolumnsis dueto theresolutionin
orientationof the hybrid-neocognitron.The resolutionis

 �³ � sincecomparisonof a stan-
dardpatternanda rotatedoneis executedin

��" � and ¿ " � andorientationis quantizedinto� " � �è±
directionin thoselayers.The error is not significantanddoesnot influencethe

ability of recognitionbecausehand-writtenpatternschangethe shapeby writers andone
cannotestimatepreciserotationalanglesof thosepatterns.Recognitionratefor non-rotated
testpatternsis 91.0%androtatedtestpatternsis 90.5%in spiteof the fact that themodel
doesnot learnor notstorerotatedpatterns.Thisresultshowstheeffectivenessof themodel.

Whenonly the hybrid-neocognitronis usedto recognizetestpatterns,the recognition
ratefor rotatedpatternsis 16.6%.It turnsout thatthemodelof mentalrotationis effective
for recognitionof rotatedpatternin thecasethata bottom-upsystemdoesnot learnor not
storerotatedpatterns.

5 Conclusion

Weconstructanew modelfor patternrecognitionwhichis robustfor rotationaswell asdis-
tortion, scaling,shift in positionandnoise.Thenew modelis designedsothat theprocess

1 A characterdatabasepublishedfrom theElectrotechnicalLaboratory, Japan.



Table4.Samplesof correctlyrecognizedpatterns.Ï âåäçæ is rotationalanglefromthestandard
pattern.Ï is anangleestimatedby theangleestimator.

testpatternÏ âåäéæ H �	�	� H �	�	� H ·��	� O ± �	� O ³ �	� H �	�	� O � �	� O  �³ � O ³ �	� O � �	�Ï H �	� � H �	� � H �	� � O �	� � O  �³ � H �	� � O  �³ � O  �³ � O  �³ � O  �³ �
includestheresultof psychologicalexperiments.By computersimulationstheeffectiveness
of thenew modelis shown by usinga numericalhand-writtendatabase.We intendto im-
provetherecognitionrateby addinganadditionalmoduleusedin astandardneocognitron,
andexpectthatthemodelwill show ahigh recognitionratefor realisticpatterns.
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