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ABSTRACT

Accordng to the CARVE algorithm ary patternclassifica-
tion problemcanbesyntlesizedn threelayerswithout mis-

classification.In this paper we proposeto train multilayer
neurad network classifiersbasedon the CARVE algoiithm.

In hiddenlayer training, we find a hyperplanethat sepa-
ratesa setof databelorging to oneclassfrom theremainng

data. Then,we remove the separatedatafrom thetraining

data,andreped this procedureuntil only the databelorg-

ing to oneclassremain In deternining the hyperplare, we

maximizemaigins heuristicallysothatdataof oneclassare
on onesideof the hypeaplane. In outputlayertraining we

determire the hyperplaneby a quadatic optimizationtech-
nigue The performane of this new algoiithm is evaluated
by somebenchmarkdatasets.

1. INTRODUCTION

Suppat vectormachineSVMs) have beenproposedasa
new paradgm for patternclassification.In SVMs the input
spaces mappedinto a high dimensimal featurespaceand
in the featurespacethe hyperplaneis determired so that
classmamins are maximizd. This leadsto improvemert
in gereralizationability. Usingsigmoidkerrel functions,a
threelayerneuralnetwork canbetrained.But sinceSVMs
are basedon two-classprodems, for multiclassproblens
unclassifiableegionsaregeneratd andthis leadsto degra-
dationof genertization ability.

The CARVE algorithm [1, 2] guaranteesthatary pat-
ternclassificatiorprodem canbe synthesizen threelayers
if we train the hiddenlayerin thefollowing way. First, we
separata partof (or whoe) databelorging to a classfrom
the remainingdataby a hyperplane. Thenwe remove the
separatedatafrom thetraining data.We repeatthis proce-
dureuntil only thedatabelorging to oneclassremain

In this pape, we propaea nenv methodof training neu-
ral network classifiersdbasedon the CARVE algoritm. To
improve genealizationability, we maximizemargins of hid-
denlayer hyperplanesandoutput layer hyperplanes.Since
thetrainingdataon onesideof the hiddenlayerhyperplane
needto belongto oneclass,we canna apply the quadratic
optimizatian techniqie usedfor training SVMs. Therefae,

we exterd the heuristictrainingmethodcalledDirectSVMs
[3], which sequetially searchsuppot vectos. For the out-
putlayer, sincethereis no suchrestriction,we usethequad
ratic optimizationtechnique.

The paperis organizedas follows. In Section2 we
presentanoverview of the CARVE algoiithm. In Section3
we extendthe DirectSVM sothatit canbeusedfor training
hiddenlayerhyperplanesin Sectiord, we discusghetrain-
ing methodof outpu layer hyperplanesby the quadatic
optimizationtechniqee. In Section5, we compae perfar-
manceof the proposedmethodwith that of corventional
method usingsomebencimark datasets.

2. CARVE ALGORITHM

By the CARVE algorithm[1, 2] ary patternclassification
problemcanbe synthesizedn threelayers. In the hidden

layer, we deternine the hyperplane,on oneside of which

dataof a singleclassexist. Thenthe separatediataarere-

moved from the training data. The hiddenlayer training is

completedvhenonly the dataof a singleclassremain.

We explain the procedire using the examge shawn in
Fig. 1. The classdatashown in circlesinclude a datum
which is thefarthestirom the centerof all the training data
shawn in the asterisk. Thus we separatehe dataof this
classfrom theremainirg data.As shavn in Fig. 2, ahyper
planeis determiné sothatdataof this classareon oneside
of the hyperplane.Thenthe separatediatacoloredin gray
areremoved from the training data. Thenfor the redued
trainingdata,the classdatashown in trianglesincludeada-
tum which is the farthestfrom the center Thuswe deter
mine a hyperplare so that only the dataof this classis on
oneside of the hyperplaneasshowvn in Fig. 3. We repeat
this procedire until the remainng training databelorg to a
singleclass(Fig. 4). We saythata hyperplare satisfieshe
CARVE condition if ononesideof thehyperplaneonly data
of oneclassexist.

Let theinput of a hiddenunit be z, whichis the output
of thedecisionfunction associateavith thehidden layerhy-
perplare. The outpu of the hiddenunit, z(x), is calculated
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whereT is aparaméer for slopecontrd.

In theoutpu layer, we deternine a hyperplare for class
1 sothatclass: dataare separatedrom all otherdata(Fig.
5). Sincethereareno constraits for the outpu layer, we
usethetrainingmethal for corventionalSVMs. In thisway
we canconstrict athreelayerneurl network for ann-class
prodem.
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Figure5: Sampledatain theoutpu layer

3. DETERMINATION OF HIDDEN LAYER
HYPERPLANES

We determinea hiddenlayerhyperplare in theinput space.
Thus, if the problemis not linearly separablethe hyper
planedeterminé by the quadatic progammirg techniqie
may have dataof oneclasson bothsidesof the hyperplare.
Therefae, we canrot usethe quadatic optimizaion tech-
niquefor determiring the hiddenlayerhyperplares.

To overcomethis prodem, we extend the DirectSVM
[3], whichdeterminstheoptimal hyperplanegeometically.
Let the farthestdatumfrom the centerof the training data
belongto classi. Initially, we consicer separatingclassi
datafrom the remainng data. And we setthe target values
of the datawhich belongto classi to +1, thetargetvalues
of the datawhich belorg to otherclasseso —1. We call
the sideof the hyperplanewherethe datawith the positive
targetsresidepositive sideof the hyperplane

First, asinitial suppat vectors we choasethe datapair
that hasthe minimum distanceamory the datapairs with
oppcsitetarget values.Theinitial hyperplareis determired
sothatit goesthrough the centerof thedatapairandorthog
onalto theline segmen thatcomectsthe datapair. If there
aredatawith negative targetson the positive sideof the hy-
perplare, thesedataviolate the CARVE condtion. Thus,
to satisfythe CARVE condition we rotatethe hypeplane
until no dataviolatethe cordition. The previously violating
dataareaddedto the suppat vector In the following, we
describeheprocaluremore in detail.

3.1. Rotation of a hyperplane

Let the initial suprt vectos be xj andx,. Then the
weightvectorof theinitial hyperplareis givenby

wWo =Xg — Xg - (2)
The hyperplanecanbe written by
wo X — Wo - ¢g =0, 3)

wherec is the centerof the datapair (x;,x; ), andthe
secondermis thebias. If thereareno datathatviolatethe
CARVE conditionin the remairing data, we finish train-
ing. If thereareviolating dataof negdive targets,we add
the mostviolating datato the supprt vectos. Let the ob-
tainedsuppat vectorbex; , andthe centerof the datapair
(xg,x; ) bec;. Thehyperplaneis updatedsothatit passes
throuch the two datacy andc,. If therearestill violating
data,we repeatupdatirg.

Considerthe m-th updatirg in n-dimensionalspace.
Here,in caseof the m-th updatirg, we needto updatethe
hypeplanesothatit passeshroughthe centersof suppat
vectorpairscy, ..., ¢,,,. Thusthe maximun numbe of up-
datingis (n — 1). Whenwe updatethe hyperplane(n — 1)
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times,thehyperplanemustgothrouch n centersandnofur-
therrotationis possible. For the m-th updatirg, we find the
mostviolating datawith negative targets. And we setthe
datato x,,,. Then,c,, isthecenterof (x; ,x;, ), r, is given
byr,, =c¢,, — co.

The hyperplanewith w,,, _; passeghrowgh the vector
{r1,...,rpy—1}. Letthevectos {pi,...,pm—1} betheor
thogmal systemof {ry,...,r,,—1}. Obviously, the hyper
planewith w,,_, passeshrough{p1, ..., Prm—1}-

We usethe GramSchmidtorthogonalizatian to calcu-
late p,,. Then,p,, is givenby

m—1
Pm =T, — > _ (r}, - P})P
k=1

(4)

wherea’ is the normalizedvecta of a. Theweightvector
w.,—1 Of thehyperplaneis determired sothatit is orthogo-
nal to the orthagonalsystem{p;, ..., pn—1}. For them-th
updde, it is updaedsothatit is orthogonalto p,,. Namely
w,,, IS obtaired by rotatingthe hyperplanein the direction
of p,, with cq asthecenter:

’ ’

R !
Wm = W1~ (Wmfl : pm) Pm-

(5)

The updated hyperplare passesthrough the vector {r;,

s T e
Next, we shav the updating methal in 2-dimersional

spaceusing Fig. 6, which shaws the initial hyperplane.

Sincethereare datathat violate the CARVE criterion, we
rotatethe hypeaplaneasshavn in Fig. 7. In thiscaseyr; is
givenby r; = ¢; — ¢q (Fig. 8). We calculatethe weight
vectorw thatis orthogonaltory:

(6)

wherep; is the orthaogonalsystemof {r;} in the 2-dimen-
sionalspaceandis expressedasp; = ri, becauseahe or-
thogmal system{r; } hasonly oneelement.

r’ ! 7 7
W1 =Wg — (Wo : p1) P1,

3.2. Learningalgorithm

Stepl Todetermiretheinitial suppot vectas (xg ,x, ), we

find the datapair of oppositetargetswith the nearest
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distanceamory all datapairsof oppositetargets. The
centercy andtheweightw aregiven by

1

COZ§(X§+X6% (7)
wg = xg' — X - (8)

We determire the decisionfunction:
(X)) =W X — Wy, -co fori=1,....1, (9)

wherew,, - ¢q is thebiasterm,and! is the numberof
remainirg data.

If all thedatawith negative targetssatisfy

ynf(x;) > Crf(xg) forn=1,...M, (10

we considerthat the hyperplanethat satisfiesthe
CARVE conditionis found, andfinishupdatirg. Here,
%, is thedatawith negdive target, M is thenumber
of datawith negative tamgets,and C;, acconplishes
therole of soft-margin. Usually, C}, is setto C}, < 1.
If C}, is negdive, the datawith negative target may
exist in the positive side of the hypeaplane. Thusfor
negative C},, the CARVE cordition is violated.

In the m-th updatirg, we include the mostviolated
datax,, in the suppaet vectas. Then we calculate
cm = 3(xg +x,,), andcalculater,, = ¢, — co.
From {ry,...,ry,}, the m-th compment of the or-

thogmal systemp,,,, is

m—1
k=1
Theweightvecta w,, is written asfollows:
Wm = Wy, 1 — (Wmfl : pm) Pm- (12)

We canobtainthe orthagonal vecta w,,, for hyper-
planethat passthrough cg, c1, ..., ¢,,, by updatingin
this way.



Tablel: Featureof bencimarkdata

Data Inputs | Classes| Train. | Test
Blood cell 13 12 3097 | 310
Thyroid 21 3 3772 | 348
Hiragaa-50| 50 39 4610 | 4610

Table2: Performancefor blood cell training databy MM-
NN

C), | HiddenUnits | Time[s] | Train.[%] | Test[%)]
-1.5 65 66 96.90 92.2
-1.0 95 122 97.64 92.48
-0.5 151 242 98.48 93.3
0.0 320 1776 99.23 92.%

Step5 If updatingwasrepeatecd: or M timesreturnto Step
1 to reneav theinitial hyperplare. Otherwise,return
to Step2.

4. DETERMINATION OF OUTPUT LAYER
HYPERPLANES

We determinethe output layer hyperplares by using the
sametechnque that trains SVMs. The hyperplaneis ob-
tainedby solvingthefollowing dualprodem.

! !
1
maximize Q(a) = E ai— g E oiayiyziz;  (13)
i=1 i,j=1

k
subject to Zyiai =0, 0 <C, (14)
i=1

wherea = (o, ..., oy)t istheLagrangemultiplier, C,, is the
maugin paraneterfor the outpu layer, andz; is the outpu
vectorof the hiddenunits.

5. PERFORMANCE EVALUATION

We evalugedtheperformane improvemeniof theproposed
methodover the suppat vectormachire [6] andthe three-
layer neual network usingthe blood cell data[4], thyroid
data! andthe hiragana data[5] listedin Table1. We used
a Pentiumlll 1GHz PCto measue the recaynition ratesof
thetrainingandtestdata.

Lftp:/fitp.ics.uciedu/pubiachinelearring-dagbases/

Table3: Perfamancecomparisonfor blood cell data

Classifier Parm Train. [%)] | Test[%]
MM-NN Cp=-05 98.48 9339
SVM d=3 98.2 9326
BP Epochs= 1500 95.61 9142

Blood cell data. The blood cell classification in-
volvesclassifyingopticdly screenedvhite bloodcellsinto
12 classesausing 13 features. This is a very difficult prob-
lem; classboundariesfor someclassesareambigioussince
the classesare definedaccordng to the growth stagesof
white blood cells.

In this simulation we setthe output layer mamgin pa-
rameterC, = 100. We deterninedthe slopeof the sigmoid
functionT" sothatthe outpu of the hidden (output) unit is
e(2) = 0.6 (¢(3) = 0.8) for the suppat vecta with the
targetvalueof 1. Here, ¢ is given by

1
°T T + exp(—xt/T)’

(19

wherex ™ is the neuroninput associatedvith the suppat
vectorwith thetarget valueof 1.

Table 2 shows the resultsof the blood cell datafor the
propsedmethod(MM-NN). Here,we shav the nunber of
hiddenunits, training time, the recogiition ratesof train-
ing data,andthat of testdatawhenwe charge the value of
the hiddenlayermaigin paraneterC),. Negative C;, means
thathiddenlayerhyperplaresmight not satisfythe CARVE
condition The bestrecogiition rate of the testdatawas
achieredfor C;, = —0.5. For C}, = 0.0, the recognition
rateof thetraining datais lessthan100%. This wascaused
by low valueof £(2).

Table3 shavsthecomprisonamongtheproposedmeth-
od, corventioral SVM, andthe three-layr neurd network
trainedby BP. Parm shavs C}, in MM-NN, the kernelpa-
rameterin SVM andthenumker of epachsin BP. For SVM,
we usethefollowing polynomial kernelfunction:

H(x,x') = (x'x +1)%

For BP, we shov the maximum recoqition ratefor 10 ex-
perimenschargingtheinitial weights. Fromthetable,MM-
NN andSVM show the comparablerecaynition ratesof the
testdatabut BP shavs alower recanition rate.

Thyroid data. Thethyrod datainclude 15 digital fea-
turesand more than 92% of the databelorg to one class.
Thusthe recognition rate smallerthan92%is useless.Ta-
ble 4 shavstheresultsfor thethyroid datafor the proposed
method In the simulation we setthe output layer magin
parameteC, = 1000, the support vecta output of hidden



Table4: Perfamancefor thyroid databy MM-NN

Table6: Perfomancefor hiragana-50databy MM-NN

Table5: Performancecomparsonfor thyroid data

Classifier Parm Train. [%] | Test[%]
MM-NN Cp=-0.5 99.07 98.L2
SVM d=3 99.%6 97.%
BP Epocls= 4000 99.15 97.%8

layerunitse(2) = 0.7, andthe suppot vectoroutputof out-
putlayerunitse(3) = 0.8. For C}, = —0.5 the maximum
recoqnition of thetestdatawasobtained

Table5 shavs performancecomparisonfor the thyroid
data.Therecogition ratesof thetestdatafor thethreeclas-
sifiersare compaable,but MM-NN shows the bestrecog-
nition rate.

Hiragana-50 data. Hiragana-50 data were gatheed
from Japaneséicenseplates. The original gray-scaleim-
agesof hiragana charaterswere transfamed into 5x 10-
pixel with the gray-scalerange beingfrom 0 to 255 Then
by perfaming gray-scaleshift, positionshift, randan noise
additionto theimagesthetraining andtestdataweregen-
erated. Table 6 shaws the resultsfor the hiraganadatafor
the proposedmethod We shaved the numter of hidden
units, training time, the recoqition ratesof training data,
andthoseof testdatawhenwe changethe valueof hidden
layer mamin parameter;,. Also in this simulation we set
the output layer margin paraméer C,, = 1000, the suppot
vectoroutput of hiddenlayerunitse(2) = 0.7, andthe sup-
port vector output of outputlayer unitse(3) = 0.8. For
Cj, = 0.1, —0.1 the maximumrecagnition of the testdata
wasobtainel.

Table7 shavs perfamanceconparisonfor thehiragara-
50 data. Both MM-NN andSVM shav compaablerecog-
nition ratesof the test data, while the BP shaws inferior
results,whichis causedy the factthatBP doesnot have a
mechaism to maximizemamgins.

6. CONCLUSIONS

In this pape we proposeda new methal for training neu-
ral networks basedonthe CARVE algorithm To determine
thehiddenlayerhyperplare we extencedthe DirectSVM so
that the trained hyperplare satisfiesthe condtion that the

Cp | HiddenUnits | Time[s] | Train.[%)] | Test[%] C}p, | HiddenUnits | Time[s] | Train.[%)] | Test[%]
-1.0 22 19 99.10 98.10 0.2 356 945 100 9915
-0.5 49 28 99.07 98.2 0.1 341 889 100 9907
0.0 95 84 100 98.13 0.0 325 848 100 9896
-0.1 308 756 100 9915
-0.2 280 629 100 9900

Table7: Performacecompaisonfor hiragana-50data

Classifier Parm Train. [%] | Test[%]
MM-NN C, =-0.1 100 99.15
SVM d=5 100 99.46
BP Epocls= 10000 98.92 95.77

CARVE algorithm is applicable. We deternine the out-

put layer hyperplare by the quadatic progmammingtech-
nique. Compute simulationsusingsomebenchnark data
setsshowved that the genealization ability of the proposed
methodis comparablewith thatof the corventioral suppot

vector machires and superiorto that of three-layr neural
networkstrainedby BP,
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