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Abstract — The TAM (Topographic Attentive Mapping) net-
work isa biologically-motivated neural network. Inthe TAM
network algorithm, knowledgeisacquired fromthe TAM net-
work structure through a pruning method, and the acquired
knowledgeis stored in an independent module. In this paper,
three measures of similarity used to compare these indepen-
dent knowledge storage modules will be discussed.

Keywords: Neural Network, Knowledge, Fuzzy Sets,Re-
structurng.

1 Intr oduction

Several modelswhich translatethe neuralnetwok struc-
ture into knowledgerepresentatiohave beenproposed8],
[9], [B]. However, thesemodelsonly rehashthe neural
network structue as knowledgerepresentaion.Thereisn't
enoughdiscussiorhow to built groupngsof knowledge and
how to restructurehe knowledgerepresentationkischer[3]
claimsknowledgemanagerentmeansaloop processf cre-
ation, integration and dissemination Nonaka[11]claims
therearefour stagesof knowledgerepresentatiomwhich are
Socialization ExternalizationCombinatiorandInternaliza-
tion. Amitani[1] hasexplaineda methodof knowledgecre-
ation and reconstruction. Carpenter[R has mentionedthat
even humanscannoteasily correlateknowledgerepresenta-
tions(class)of instancescquiredby experiencewith aclass
namewhenhe/ shefirst experiencethatinstance. For ex-
ample,childrencandistinguishandgathersimilar shapeof
drink holders,e.g., cup, glassand mug, but they cant tell
whethertheseholder shouldbe called as “cups”, “glasses”
or somethingelseuntil their motherteachegshemwhatthe
classnamesare (SeeFigurel). In general,a classnameis
given while denotingand item to the represent groupng
or aconcepfafterinstancesrecollectedandgrouped.Thus,
theimporiantthing is how to grouptheinstancesndrestruc-
turetheinstancesnotnametheclass.

In thispaperwe propseanen knowledgesystemwith re-
structurng mechanisnof knowledge. We calledthe knowl-
edgesystemheknowledgerestructumg type TAM network
(shortly KRT-TAM network). Figure2 shows the diagram
of the KRT-TAM network. TAM (Topographi Attentive
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Figure 1: Examplesof CupsandGlasses

Mapping) network[22], [6], [7] is basedon a biologically-
motivated frameavork and possesses powerful learning
mechanism([4][10]. TAM's featurelayeris constructedo
imitate the retina, the category layer imitatesthe LGN (lat-
eral geniculatenucleus)andthe outpu layerimitatesvisual
cortex. After learningthe TAM network,knowledgerepre-
sentatioracquiredrom the TAM netwok arememorizedo
a knowledgepart as a formula of fuzzy rules. The knowl-
edgepartis constructedby classes,casesand fuzzy rules
(instances). The fuzzy rules are restructuredvheneer the
incrementalearningof the TAM networkis accomplished.
We discusshere how to formulatethe KRT-TAM netwok
andshaw theusefulenessf the KRT-TAM networkthroudh
concreteexamples.

2 TAM Network

The structureof the TAM Networkis showvn in Figure3.
Whenfeaturemaps, f;;,, aregiven, the outputsignalto the
catgyory layer, y;, are calculatedusingthe nodes weights,
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supervised output concepts feedbaclsignaly; is calculatedor thelearningstep.
M U *
$ . [1i2s @ji X D k—1 2kPik 3
Y = N M U . (3)
classes Z].,Zl | BRI D R
outputls | sociation cases zp = 1if k=K" z; =0 otherwise 4
—~— fuzzy rules . .
TAM network | | stances) Thelearningparametersyw;,, pjk, bji, areobtainedas
1 memorization 1 follows:
oy’ 1—)\1/1\/" ih — Wiih
‘ features ‘ Awjip = v )(fl & ),)\ € (0,1)(5)
(@ = DAYM 4 n;
. Api  — ay; (th _pjk) (6)
Figure2: Concepof KRT-TAM Network Pik = a+n;
Nbji = by (a5 — by,) @)
. N Anj = ayj(l—ny) (8)
wherez;; areactvities, p representshevigilanceparameter .
andb;; areinhibitory weights. where,a, A andbg.'"“ °) areparameters.
Theoutput prediction K, is calculatedasfollows: The algorthm of the TAM network includng learning

stepsandpruningstepss representedsfollows:
K

{] max 2k} [Step1] Theoutput prediction K, is calculated.

N [Step?2] If K is notsimilar enoughto K*, wedop = p +
{k| max > " y;pjr} (2) plster). Whenp reachghe maximallevel, onenodeis added
4§ j=1 to cateyories.

[Step3] If zx~/zx > OC, thelearningstepstarts.Parame-
where,z;, aretheoutput ateachnodeof outputlayerandp ;. ters,wj;x, pjr andb;;, areupdated.
areweightedconnections. [Step4] Until zx~/zx > OC, letthealgorithmrepeatfrom
stepl to step3.

[Step5] After learning,the pruning stepstarts. The dataset
in which fs;, s = 1,2,---, Ris dividedinto learningdata
andcheckingdata. Theinformatian entropy H (), is calcu-

Output Nodes

Qk ]
Categories

latedusingthelearningdatafor featureselectionswhereyy,
B nensyonal . L is asetof thedataof theclassk:.
Vigilance
\ N U
@ H(i) = =Y g;> Gjrlog, Gy, 9)
j=1 k=1
> s—1 Tjis
R 95 = SN <R (10)
Bass Nodes D=1 2s—1 Tjis
e Vis X Pjk
Feature Nodes ij = Zs}iuk — : (11)
> s—1Vis X Djk
Vjs = H Tjis X Tjis (12)
iel*
[Step6] Thefollowing featurei* is extractedasanimportant
featureandwe set7* = {i*}.
Figure3: TAM Network = {1l max H(i)} (13)

[Step7] If the following conditim is satisfiedfor checking
dataata category 7, thelink connectiondetween; andout-
putsk’, ¥’ = 1,2,---,U, k' # k, areremored. Simulta-
neouslythe connectiondbetweery andfeatures’ ¢ I*, are
removed,wheren is athreshadl.

Let K* denoteheindex of the“correct” supervisedutpt
class. If the network’s outpu prediction K is not similar
enoughto K*, wedop = p + pl*t°P) unti eitherzg- /zx >
OC or p > plma®) whereOC is the maximal vigilance
level. Oncethe subjectof zx-/2x > OC is satisfied the Gjk>n (14)
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[Step8] If thefollowing condition is satisfiedfor checking
dataat the catgory j, thelink connectiondbetween; andi,
and:’ ¢ I*, areremoved,wheref is athreshold

L&
_ is <0
R;”

[Step9] If thefollowing condition is satisfiedfor checking
dataat K, thelink connectionshetweenk and categories,
i, 7 =1,2,--- N, 5/ # j, areremaed, where{ is a
threshold.

(15)

D sery Vis X DiK

(16)
N
Zj:l ZseFK Vjs X DK

YK = >¢

[Step 10] When a cateyory haslost connectiondo all out-
putsor features,the cateyory is removed. Any outputand
featurewhich hasbeendisconnectedrom all cateyoriesis
alsoremored.

[Step11] Until all featuresare selectechat stepb, let the al-
gorithm repeatfrom step5 to stepl0.

When the algorithm is terminated,the neural network
whose needlessconnectionsand nodesare prunedis ob-
tained.We shouldnoticethatthealgoritimis akind of fuzzy
tuning methodssincethe dataprocedurds the sameasthat
of fuzzy logic. Thus, we canacquirefuzzy rulesfrom the
TAM networkasa knowledgerepresentaion.

3 Knowledge of the KRT-TAM Net-

work

Theknowledgeacquiredromthe TAM networkaremem-
orizedto knowledgepartasthefollowing fuzzy rule format:

ry: if friszipand - and faris zim
then Cl =011, """, CU = 01U

T2 : if fl is 221 and --- and f]w is FQ]\J
Cy =ow

then Cy = o021, ---, (17)

ry: if fiiszyiand ---
then Cy =on1, ---,

and fM is ZNM
Cv = onvu

wherez;; j = 1,2,---,N, i = 1,2,---, M arethefuzzy
sets,which werethe nodes weights,w;;, in TAM network

The resultantnumbers o, werethe weightedconnections

of outputnodesyp j,, of the TAM network.

The eachrule is rankedaccordingto ¢;; of the equation

(16) asfollows:

Ch ri(p11) > ra(p21) > -+ > rn(en1)
Cs ri(p12) > ra(pa2) > -+ > rn(en2)
Cu: ri(pww) > ra(poy) > -+ > ra(env).

(18)

theTAM network.Thesimilar casesaregroupedandthe su-
pervisethengivesthegroupaclassname.Figure4 shavsan
example,in which thereare two classes“Cups” with three
casesand“Glasses"with two cases.

Figure4: Exampleof KnowledgePart

Whena knowledgerepresentaionf fuzzy rulesmovesto
the knowledgepartfrom the TAM network,we needto de-
fine a similarity measurebetweenthe knowledgeand cases
which exist in the knowledgepartin orderto decidewhich
classshouldincorporatethe knowledge. We defineherethe
following threetypesof similarity measires.

- =T <I{ <0
1) Q = +: 0<If<T (29)
F: |I;|>7
L = {11 | mincase|I1|}

U N M+1 L
Mwﬂ fzh

T 5 9 Sp T 1
k=1j=1 i=1 h=1 Z“ g
—: mar{_ 4 py countyj w = {—}
2) Q = +: max(_ 4 gy countyjw = {+} (20)
F: max(_ 4 py countyjw = {F}
- —T<I3<0
w = +: 0<IE<T
F: |IG|>T
I = {Ix]| mincaese|l2|}
| M1 L
tows; (fin)
o= LY S g telle)
i1 hm1 M tegi (fin)
—: max{_ 4 ) county jen' w = {—}
3) Q = +: mar(_ 4 py county jen' w = {+}
F: max(_ 4 py county jen' w = {F}
(21)
- =1 <I3<0
w = +: 0<I3<T
F: |I3|>T
I = {I3| mincasells|}
M+41 L
1 How ; (fzh)
13 = - log >
L ; h; szi(fzh)

In the knowledgepart, we have “Class” and“Case”. A where, jiw,,, ., (far+1) = pjx @andpz,,,, (fars1) = 0k,

casemeansa generalstructue of knowledgeacquiredfrom

the “county ; w” meansthe numberof countirg w in the
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classk andj, and N’ < N andr is athreshold
Thealgorithm for resturucturmg casesis achievedacoord-
ing to thefollowing steps.

work acardirg to ¢ ;. of the equation(18). .I

[Step 1] Rankthe knowledgeacquiredfrom the TAM net-

[Step2] Calculatethesimilarity measure2 amongtheequa-

tions(19)to (21). (a)
@

(b)
[Step3] In thecaseof Q = {F'}, theacquiredknowledgeis
registeredasa caseof anew class.Thelearningof the TAM
networkis continued.
[Step4] In the caseof Q = {+}, theacquiredknowledge
is registeredasa new caseof the existing classof I, g =
1,2, 3. Thelearningof the TAM networkis continted. @

[Step5] In the caseof Q@ = {—}, theacquiredknowledge
is presumedo be the sameas the caseof I;. We let the
TAM networkrelearnfrom bj;, w;(z;;) andp;x(o;i) of the Figure5: CircleImageandSquardmage
caseof /7 astheinitial parameer values.After learning the

resultanknowledgeof theTAM networkis exchangedothe

existing casein theknowledgepart.

4 Examples R
In this section threetypesof similarity measurearecom- S .
paredead otherthrough animageexampleandan example LA
of how to restructurecasesis presented. =
(b)

The ellipse imageshawn in (a) of Figure 6 is compared (a)
with two kinds of original images circle andsquareshavn
in (a) and (b) of Figure5. The comparisoris usingknowl-
edgerepresentatioof fuzzy rulesacquiredfrom TAM net-
work. The outputimagesof TAM networkafterlearningare
shavn in (¢) and(d) of Figure5, andin (b) of Figure6, re-
spectvely. The parameterof the TAM netwok are setas

Figure6: Ellipselmage

follows: Fuzzy Knowlege Part
L = 10 rho init = 0.0 = [y ]
oCc = 038 rho step = 0.1
« = 0.0000001 rho max = 100.0 c2 2
rate Similar,
A = 033 b - 0.01 GO ()| e
n = 0.8 0 = 0.03 Q@@@
¢ =03 Noew = 6 || |
The resultis shovn in Table 1, Table2 and Table 3. The @ @

eightfuzzy rulesareacquiredfrom the circle image,eleven 4?%
from the squareéimage andsix from the ellipse image. All

similarity measure indicate that the ellipse image is more TAM Network | | TAM Network | | TAM Network

similar to circle thanto square. However, boththe second I I I

similarity measire andthe third similarity measuredepend T [ e R

on the thresholdof 7 value, so we shoulddiscussthe prob- R I DR I RSP .

lemsmorein the nearfuture. Sl iﬁgif.' s L I POV
Next, we shav anexampleof how to restructurecases us- R ———

Data 1 Data 2 Data 3 Checking Data

ing herethefirst similarity measure.Threedatasetswhich (Data 1)

include“A” and“e” areshown in Figure7. The boundries
betweent' A” and“e” in thefirst datasetandthe third data
setarerepresentedby aroundthe funciony = x. Alterna-
tively, the boundaryof the seconddatasetis y = —x. The

Figure7: Proceduref the FuzzyTAM Network
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Tablel: Resultof Similarity Measurel

Similarity Measurel
Similarity
betweerCircle 32.45
andEllipse
Similarity between
SquareandEllipse 65.05

Table2: Resultof Similarity Measure?

Similarity Measure2
Similarity + | -|F T
betweerCircle 100 6 5.0
andEllipse 12| 0| 4 7.5
Similarity between| 0 |0 | 24| 5.0
SquareandEllipse | 6 [0 | 18| 7.5

parametersf the TAM networkaresetasfollows:

L = 10 rho init = 0.0
oCcC = 08 rho step = 0.1
« = 0.0000001 rho max = 100.0
A = 033 b 0.01
n = 0.8 0 = 0.03
& = 05 T = 10.0.

Figure8: A New Casel

First, the fuzzy rule for thefirst datasetis acquiredfrom
the TAM networkandthefuzzyruleis memorizedasa case,
“Casel”, of “Classfy = )" in theknowledgepart. Next,
the fuzzy rule for the seconddatasetis acquiredfrom the
TAM networkandmoved into the knowledgepart. The first
similarity measureof the seconduzzy rule with “Casel” is
obtainedasI;(2,1) = 13.5 asshowvn in Table4. Sincer is
setto10.0,w = {F} andthefuzzyrule of thesecondiataset
is registeredas“Case1” of a new class,“Classty = —x)".
Whenthethird fuzzy rule for thethird datasetis movedinto
theknowledgepart,thesimilarity measuresof thethird fuzzy
rule with the first caseand the secondcaseare calculated,
respectiely. Sincel;(3,1) = —2.84, I;(3,2) = —1.88 and
I7(3,1) = —1.88, w = {—} andwe let the TAM network

Table3: resultof Similarity Measure3

Similarity Measure3
Similarity + | -|F T
betweerCircle 10|/ 0] 2 5.0
andEllipse 12{0( O 7.5
Similarity between| 0 [0 | 12| 5.0
SquareandEllipse | 6 |0 | 6 7.5

relearnfrom b;;, w;;(2;:) andp;i(o;x) of the first caseas
theinitial parametewalues. The resultantfuzzy rule TAM
networkis exchangedwith the first caseand registeredas
“Casel”. Thenew case,'Casel”, is shovnin Figure8.

Table4: Resultof I(W,Z)

Casel Case2
in KnowledgePart | in KnowledgePart
Data2 13.5 —
Data3 -2.84 -1.88

To shaw the usefulnes®f the KRT-TAM networkby re-
structuing cases the correctrate for checkingdata, which
is the sameasthefirst data,is comparedo the conventional
TAM network The resultis shavn in Table5. The correct
rateof the corventionalTAM networkis obtainedas50.0%
andthe numberof categyoriesis 7. On the otherhand,the
correctrate of the KRT-TAM networkis obtaired as60.0%
andthe numberof cateyoriesis 5. The correctrate of the
KRT-TAM netwok is betterthanthe TAM networkandthe
numberof catgyoriesis lessthanTAM network.

Table5: CorrectRateandCateyories

CorrectRate Catayories
KRT KRT
TAM TAM TAM | TAM
Datal 97.5% | 97.5% 4 4
Data?2 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 formulatedhere KRT-TAM networkand shaved the
usefulnes®f KRT-TAM networkthroughexamples.

This researchis partially suppoted by the Ministry of
Education, Culture, Sports, Science and Technology of
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