
2003IEEE Inter national Conferenceon Systems,Man and Cybernetics
WashingtonD.C., USA, October 5-8,2003

A Formulation of KnowledgeRestructuring TypeTAM Network
�

Isao Hayashi
GraduateSchoolof CorporateInformation

HannanUniversity
MatsubaraCity, Osaka,Japan

ihaya@kcn.hannan-u.ac.jp

JamesR. Williamson
TheaterMissile Defense,Group32,MIT

LockheedMartin Corporation
Lexington,MA, U.S.A.

jrw@ll.mit.edu

Abstract – The TAM (Topographic Attentive Mapping) net-
work is a biologically-motivated neural network. In the TAM
network algorithm, knowledge is acquired from the TAM net-
work structure through a pruning method, and the acquired
knowledge is stored in an independent module. In this paper,
three measures of similarity used to compare these indepen-
dent knowledge storage modules will be discussed.
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1 Intr oduction
Several modelswhich translatethe neuralnetwork struc-

ture into knowledgerepresentationhave beenproposed[8],
[9], [5]. However, thesemodels only rehashthe neural
networkstructure asknowledgerepresentaion.Thereisn’t
enoughdiscussionhow to built groupingsof knowledge and
how to restructuretheknowledgerepresentation.Fischer[3]
claimsknowledgemanagementmeansa loopprocessof cre-
ation, integration and dissemination. Nonaka[11]claims
therearefour stagesof knowledgerepresentationwhich are
Socialization,Externalization,CombinationandInternaliza-
tion. Amitani[1] hasexplaineda methodof knowledgecre-
ation and reconstruction.Carpenter[2] hasmentionedthat
even humanscannoteasilycorrelateknowledgerepresenta-
tions(class)of instancesacquiredby experiencewith aclass
namewhenhe / shefirst experiencethat instance.For ex-
ample,childrencandistinguishandgathersimilarshapesof
drink holders,e.g., cup, glassandmug, but they can’t tell
whethertheseholder shouldbe calledas “cups”, “glasses”
or somethingelseuntil their motherteachesthemwhat the
classnamesare(SeeFigure1). In general,a classnameis
given while denotingand item to the representa grouping
or a conceptafterinstancesarecollectedandgrouped.Thus,
theimportantthing ishow togrouptheinstancesandrestruc-
turetheinstances,notnametheclass.

In thispaper, weproposeanew knowledgesystemwith re-
structuring mechanismof knowledge.We calledtheknowl-
edgesystemtheknowledgerestructuring typeTAM network
(shortly, KRT-TAM network). Figure2 shows the diagram
of the KRT-TAM network. TAM (Topographic Attentive�
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Figure 1: Examplesof CupsandGlasses

Mapping)network[12], [6], [7] is basedon a biologically-
motivated framework and possessesa powerful learning
mechanism[4],[10]. TAM’ s featurelayer is constructedto
imitate the retina,the category layer imitatesthe LGN (lat-
eralgeniculatenucleus)andtheoutput layer imitatesvisual
cortex. After learningthe TAM network,knowledgerepre-
sentationacquiredfrom theTAM network arememorizedto
a knowledgepart asa formula of fuzzy rules. The knowl-
edgepart is constructedby classes,casesand fuzzy rules
(instances). The fuzzy rulesare restructuredwhenever the
incrementallearningof the TAM networkis accomplished.
We discussherehow to formulatethe KRT-TAM network
andshow theusefulenessof theKRT-TAM networkthrough
concreteexamples.

2 TAM Network
The structureof theTAM Networkis shown in Figure3.

Whenfeaturemaps, ����� , aregiven, the outputsignalto the
category layer, �
	 , arecalculatedusingthe node’s weights,� 	���� .
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Figure2: Conceptof KRT-TAM Network

where� 	�� areactivities,
�

representsthevigilanceparameter
and

 	�� areinhibitory weights.
Theoutput prediction, ! , is calculatedasfollows:

! � "$#&%�')($*+-, +�.

� "$#/%�')(0*+
1
	2��� �	�3&	

+ . (2)

where,, + aretheoutput ateachnodeof outputlayerand3 	 +
areweightedconnections.
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Figure3: TAM Network

Let !54 denotetheindex of the“correct” supervisedoutput
class. If the network’s output prediction ! is not similar
enoughto !64 , wedo

� � �7�8�/9�:�;=<�>@? until either ,BADC
E0,FAHGIKJ
or
� G �L9NM�OQPQ?

, where
IKJ

is the maximal vigilance
level. Oncethe subjectof ,QADC
E0,FARG IKJ

is satisfied,the

feedbacksignal�S4	 is calculatedfor thelearningstep.

� 4	 �
������ � 	��UT V+ �W� , 4+ 3 	 +1	@X ��� ������ � 	 X �YT V+ ��� , 4+ 3 	 X + (3)

, 4+ � �[Z�\ #]�^! 4`_ , 4+ �6acb0d@e&f�g@h Z�i f (4)

The learningparameters,� 	��j��kl3&	 + k  	�� , areobtainedas
follows:

m � 	���� � n �o4	qp
�Wrts �vu �xw p ����� r � 	��j� w
p n
ry� w s �zu � �|{ 	 k s~} p a/k � w (5)

m 3 	 + � n � 4	 p , 4+
r 3�	 + w

n
��{ 	 (6)

m  	�� �  9N�@O�;=<�?	 � 4	 p � 	�� rt 	�� w (7)m { 	�� n � 4	 p
�Wr|{ 	 w (8)

where,n k
s

and
 9��@OQ;=<2?	 areparameters.

The algorithm of the TAM network including learning
stepsandpruningstepsis representedasfollows:

[Step1] Theoutput prediction, ! , is calculated.
[Step2] If ! is not similar enoughto !�4 , we do

� � ����L9N:�;=<�>@?
. When

�
reachsthemaximallevel, onenodeis added

to categories.
[Step3] If , A C�E0, A G IKJ , thelearningstepstarts.Parame-
ters,� 	���� , 3�	 + and

 	�� , areupdated.
[Step4] Until , A C
E$, A G I�J , let thealgorithmrepeatfrom
step1 to step3.
[Step5] After learning,thepruning stepstarts.Thedataset
in which � : ��k)��� � k��/k����`�2k�� is divided into learningdata
andcheckingdata.Theinformation entropy, � pj� w , is calcu-
latedusingthelearningdatafor featureselections,where� +
is a setof thedataof theclass# .

� pj� w � r 1
	2���

� 	 V+ ���
� 	 +L� b0� � � 	 + (9)

� 	��
�: ��� � 	�� :1	2��� �: ��� � 	�� : (10)

� 	 + � :��B���&��	 : T 3 	 +�: ��� � 	 : T 3�	 + (11)

� 	 : � � �B� C
� 	�� : T � 	�� : (12)

[Step6] Thefollowing feature� 4 is extractedasanimportant
featureandweset� 4 �c" � 4 . .

� 4 ��" � %�')(0*� � pj� w . (13)

[Step7] If the following condition is satisfiedfor checking
dataata category � , thelink connectionsbetween� andout-
puts #
��k)#0�K� � k@�&k����`�2k`�Yk�#q�] �¡# , areremoved. Simulta-
neously, theconnectionsbetween� andfeatures� �l } �L4 , are
removed,where¢ is a threshold.� 	 + G ¢ (14)
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[Step8] If the following condition is satisfiedfor checking
dataat thecategory � , thelink connectionsbetween� and� ,
and� �D } �L4 , areremoved,where £ is a threshold.

�
�
�
: �W� ��	 :¥¤ £ (15)

[Step9] If the following condition is satisfiedfor checking
dataat ! , the link connectionsbetween! andcategories,�B��k8�$�¦� � k@�&k����`�zk�§]k8�/�x �¨� , are removed, where © is a
threshold.

ª 	 A � :��`«�¬� 	 : T 3�	 A1	2��� :��`« ¬��	 : T 3 	 A G © (16)

[Step10] Whena category haslost connectionsto all out-
putsor features,the category is removed. Any outputand
featurewhich hasbeendisconnectedfrom all categoriesis
alsoremoved.
[Step11] Until all featuresareselectedat step6, let theal-
gorithm repeatfrom step5 to step10.

When the algorithm is terminated,the neural network
whoseneedlessconnectionsand nodesare prunedis ob-
tained.Weshouldnoticethatthealgorithmis akindof fuzzy
tuning methodssincethedataprocedureis thesameasthat
of fuzzy logic. Thus,we canacquirefuzzy rules from the
TAM networkasa knowledgerepresentaion.

3 Knowledge of the KRT-TAM Net-
work

TheknowledgeacquiredfromtheTAM networkaremem-
orizedto knowledgepartasthefollowing fuzzy rule format:

® �°¯ Z�\ ��� Z�i , �@�±(0²/³´�����o(0²&³�� � Z�i , � �d�e/f�² J � �^µ �¶� k°���`��k J V �cµ � V® � ¯ Z�\ � � Z�i , � � (0²/³´�����o(0²&³�� � Z�i¸· � �d�e/f�² J � �^µ � � k°���`��k J V �cµ � V...® 1 ¯ Z�\ ��� Z�i , 1 �¹(0²&³º���`�L(0²&³�� � Z»i , 1��d�e/f�² J �°�^µ 1 �Qk°���`��k J V �^µ 1 V

(17)

where , 	�� �[� � k@�&k����`�zk�§]k � � � k��/k����`�2k�¼ arethe fuzzy
sets,which werethenode’s weights,� 	�� , in TAM network.
The resultantnumbers,µ 	 + , werethe weightedconnections
of outputnodes,3S	 + , of theTAM network.

The eachrule is rankedaccordingto ª 	 + of the equation
(16)asfollows:

J �°¯ ® � p ª �¶� w G ® � p ª � � w G ���`� G ® 1 p ª 1 � wJ � ¯ ® � p ª � � w G ® � p ª �@� w G ���`� G ® 1 p ª 1 � w
...J

V ¯ ® � p ª � V
w G ® � p ª � V

w G ���`� G ® 1 p ª 1 V
w2½

(18)
In the knowledgepart, we have “Class” and “Case”. A

casemeansa generalstructure of knowledgeacquiredfrom

theTAM network.Thesimilarcasesaregroupedandthesu-
perviserthengivesthegroupaclassname.Figure4showsan
example,in which therearetwo classes, “Cups” with three
casesand“Glasses”with two cases.
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Figure4: Exampleof KnowledgePart

Whena knowledgerepresentaionof fuzzy rulesmovesto
theknowledgepart from the TAM network,we needto de-
fine a similarity measurebetweenthe knowledgeandcases
which exist in the knowledgepart in orderto decidewhich
classshouldincorporatetheknowledge.We defineherethe
following threetypesof similarity measures.

� w~¾ �
r ¯ rY¿ ¤ �S4� ¤ a� ¯Àa)Á[�L4� ¤ ¿· ¯R% �¹4� % G ¿

(19)

� 4� � "�����%`Â � {¹Ã OQ:�< % ���`% .
���Ä�

�
�Å§|Æ

V
+ �W�

1
	2���

�7Ç �
�����

�
���W�

� b$��ÈÊÉSËzÌ p � ���
w

ÈÊÍ¶ËzÌ p �����
w

� w~¾ �
r ¯ÎÂÐÏ �UÑ�ÒÊÓ Ç Ó ÔÖÕ°× µ¶Ø {SÙ + Ó 	ÊÚ��Û" r .� ¯ÎÂÐÏ �UÑ�ÒÊÓ Ç Ó ÔÖÕ°× µ¶Ø {SÙ + Ó 	ÊÚ��Û" � .· ¯¡Â6Ï ��Ñ�ÒÊÓ Ç Ó ÔÖÕ°× µ¶Ø {SÙ + Ó 	 Ú��Û" · . (20)

Ú �
r ¯ rY¿ ¤ �S4� ¤ a� ¯Àa ¤ �L4� ¤ ¿· ¯R% �¹4� % G ¿

� 4� � "�� � %`Â � {¹Ã OQ:�< % � � % .
� � �

�
Æ
�7Ç �
�����

�
���W�

� b$� È É ËzÌ p �����
w

È Í ËzÌ p � ���
w

Ü w~¾ �
r ¯ÎÂÐÏ � Ñ�ÒÊÓ Ç Ó ÔÖÕ × µ¶Ø {SÙ + Ó 	 � 1 X Ú^�c" r .� ¯ÎÂÐÏ �UÑ�ÒÊÓ Ç Ó ÔÖÕ°× µ¶Ø {SÙ + Ó 	 � 1 XÚ^�c" � .· ¯¡Â6Ï ��Ñ�ÒÊÓ Ç Ó ÔÖÕ°× µ¶Ø {SÙ + Ó 	 � 1 XÚ^�c" · .

(21)

Ú �
r ¯ rY¿ ¤ �S4Ý ¤ a� ¯Àa ¤ �L4Ý ¤ ¿· ¯R% � 4Ý % G ¿

� 4Ý � "�� Ý %`Â � {¹Ã OQ:�< % � Ý % .
� Ý �

�
Æ
�7Ç �
�����

�
���W�

� b$��ÈÊÉSËzÌ p � ���
w

È Í ËzÌ p � ���
w

where, ÈoÉSË�Þoß�à p � �7Ç �
w �á3 	 + and È Í Ë2ÞLßSà p � �7Ç �

w �âµ 	 + ,
the “ × µ�Ø {SÙ + Ó 	 Ú ” meansthe numberof counting Ú in the
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class# and� , and §8�oÁc§ and
¿

is a threshold.
Thealgorithmfor resturucturingcasesis achievedaccord-

ing to thefollowingsteps.

[Step1] Rankthe knowledgeacquiredfrom the TAM net-
work according to ª 	 + of theequation(18).
[Step2] Calculatethesimilaritymeasure

¾
amongtheequa-

tions(19) to (21).
[Step3] In thecaseof

¾ �ã" · . , theacquiredknowledgeis
registeredasacaseof a new class.Thelearningof theTAM
networkis continued.
[Step4] In the caseof

¾ �ä" � . , the acquiredknowledge
is registeredasa new caseof the existing classof �L4å k � �� k@�/k Ü . Thelearningof theTAM networkis continued.
[Step5] In the caseof

¾ �ä" r . , the acquiredknowledge
is presumedto be the sameas the caseof �/4å . We let the
TAM networkrelearnfrom

 	�� , � 	�� ( , 	�� ) and3 	 + ( µ 	 + ) of the
caseof �æ4å astheinitial parametervalues.After learning,the
resultantknowledgeof theTAM networkis exchangedto the
existingcasein theknowledgepart.

4 Examples
In thissection,threetypesof similarity measuresarecom-

paredeach otherthrough animageexampleandanexample
of how to restructurecases is presented.

The ellipse imageshown in (a) of Figure6 is compared
with two kindsof original images,circle andsquare,shown
in (a) and(b) of Figure5. The comparisonis usingknowl-
edgerepresentationof fuzzy rulesacquiredfrom TAM net-
work. Theoutputimagesof TAM networkafter learningare
shown in (c) and(d) of Figure5, andin (b) of Figure6, re-
spectively. The parametersof the TAM network aresetas
follows:

Æ � � a ®&ç µ � { � Ù � a ½ aI�J � a ½ è ®&ç µ�� Ù�é 3 � a ½ �
n � a ½ a0a0a$a0a0a � ®&ç µÐÂ6Ï � � � a$a ½ as � a ½ Ü0Ü  9N�¶OQ;=<2?	 � a ½ a �¢ � a ½ è £ � a ½ a Ü© � a ½ ê § :�<�; � ë ½

The result is shown in Table1, Table2 andTable3. The
eightfuzzy rulesareacquiredfrom thecircle image,eleven
from the squareimageandsix from the ellipse image. All
similarity measure indicate that the ellipse image is more
similar to circle thanto square.However, both the second
similarity measure andthe third similarity measuredepend
on the thresholdof

¿
value,so we shoulddiscussthe prob-

lemsmorein thenearfuture.
Next, we show anexampleof how to restructurecasesus-

ing herethefirst similarity measure.Threedatasetswhich
include“

m
” and“ ì ” areshown in Figure7. Theboundaries

between“
m

” and“ ì ” in thefirst datasetandthe third data
setarerepresentedby aroundthe funcion �c� � . Alterna-
tively, theboundaryof theseconddatasetis �í� r � . The

Figure5: CircleImageandSquareImage

Figure6: EllipseImage
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Table1: Resultof Similarity Measure1

Similarity Measure1
Similarity

betweenCircle 32.45
andEllipse

Similarity between
SquareandEllipse 65.05

Table2: Resultof Similarity Measure2

Similarity Measure2
Similarity + - F

¿
betweenCircle 10 0 6 5.0

andEllipse 12 0 4 7.5
Similarity between 0 0 24 5.0
SquareandEllipse 6 0 18 7.5

parametersof theTAM networkaresetasfollows:

Æ � � a ®&ç µ � { � Ù � a ½ aI�J � a ½ è ®&ç µ�� Ù�é 3 � a ½ �
n � a ½ a0a0a$a0a0a � ®&ç µÐÂ6Ï � � � a$a ½ as � a ½ Ü0Ü  9N�¶OQ;=<2?	 � a ½ a �¢ � a ½ è £ � a ½ a Ü© � a ½ ê ¿ � � a ½ a ½
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Figure8: A New Case1

First, the fuzzy rule for thefirst datasetis acquiredfrom
theTAM networkandthefuzzy rule is memorizedasa case,
“Case1”, of “Class(�î� � )” in the knowledgepart. Next,
the fuzzy rule for the seconddataset is acquiredfrom the
TAM networkandmoved into theknowledgepart. Thefirst
similarity measureof thesecondfuzzy rulewith “Case1” is
obtainedas �L4��p �/k � w � �FÜ ½ ê asshown in Table4. Since

¿
is

setto10.0,Ú��Û" · . andthefuzzyruleof theseconddataset
is registeredas“Case1” of a new class,“Class(��� r � )”.
Whenthethird fuzzy rule for thethirddatasetis movedinto
theknowledgepart,thesimilarity measuresof thethird fuzzy
rule with the first caseand the secondcaseare calculated,
respectively. Since� � p Ü k � w � r � ½ è0ï , � � p Ü k@� w � rK� ½ è$è and�S4� p Ü k � w � r�� ½ è0è

, Ú¡�ð" r . andwe let the TAM network

Table3: resultof Similarity Measure3

Similarity Measure3
Similarity + - F

¿
betweenCircle 10 0 2 5.0

andEllipse 12 0 0 7.5
Similarity between 0 0 12 5.0
SquareandEllipse 6 0 6 7.5

relearnfrom
 	�� , � 	�� ( , 	�� ) and 3&	 + ( µ`	 + ) of the first caseas

the initial parametervalues. The resultantfuzzy rule TAM
network is exchangedwith the first caseand registeredas
“Case1”. Thenew case,“Case1”, is shown in Figure8.

Table4: Resultof I(W,Z)

Case1 Case2
in KnowledgePart in KnowledgePart

Data2 13.5 –
Data3 -2.84 -1.88

To show the usefulnessof the KRT-TAM networkby re-
structuring cases,the correctrate for checkingdata,which
is thesameasthefirst data,is comparedto theconventional
TAM network. The resultis shown in Table5. The correct
rateof theconventionalTAM networkis obtainedas50.0%
andthe numberof categoriesis 7. On the otherhand,the
correctrateof theKRT-TAM networkis obtained as60.0%
and the numberof categories is 5. The correctrateof the
KRT-TAM network is betterthantheTAM networkandthe
numberof categoriesis lessthanTAM network.

Table5: CorrectRateandCategories

CorrectRate Categories
KRT KRT

TAM TAM TAM TAM
Data1 97.5% 97.5% 4 4
Data2 80.0% 80.0% 5 5
Data3 80.3% – 7 –
Data3
afterrelearning – 97.5% – 6

CheckingData 50.0% 60.0% 7 5

5 Conclusions
We formulatedhereKRT-TAM networkandshowed the

usefulnessof KRT-TAM networkthroughexamples.
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