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(Regression Neural Networks for Improving
the Learning Performance of Single Feature
Split Regression Trees)
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Abstract

In this paper, we propose regression neural networks based on regression trees. We map

regression trees into three layered feedforward networks. We put multi feature split fuctions
in the first layer so that the networks have a better chance to get optimal partitions of input
space. We suggest two supervised learning algorithms for the network training and test both
in single feature split and multifeature split functions. In experiments, the proposed
regression neural networks is proved to have the better learning performance than those of
the single feature split regeression trees and the single feature split regression networks.
Furthermore, we shows that the proposed learning schemes have an effect to prune an

over-grown tree without degrading the learning performance.
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FEE Y dolelr} 3l FAA(class)d HFE
A8 F= Aolzbd, AN (4 dlolelo
Aeshe 2HHSY] e A& Aol olF F
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oich. 7l¥AMql gL by FEAF Ao S
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1) 3= a4 B8ed(split func-
tion) & A2lght.

2) wsixed) Y| g AR)R)

a) B2} T2A] EFH(tree structured classi-
fication) oA, Wi e BHE Zallxd o
F BA)7F A A=

b) Ea] 73249 3H(tree structured regre-
ssion)elld, Hebre= BEH 7H ool o
g i sEgke] A=,

3) A AR A g wsof disle] EakE
(impurity)7} HH2 Ztase 2de A9
t}.
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7] =)o) 2459 AMSES JPlvhs A & &
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s 43 dojebEe] BAEL v v % »

of Wl Foixl WaAHEle] Y F WREL o
ugh B8] 3 gwElEe Hi AF 23] 2k
HErh APde) RojR wol £9¥ @ Fadch v
A e W xE5S A Eadxs}
ol HatEl oS maste A HEE o)FE 7}
EAdg 23 g4rt AMSEd ug x5 1o
o yo &she Edelyd delele] FFoA oS
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(b)

a3 1. a) oA (x1, xo)EA g sl ER]
dl b) a)oll Wizt IAARA

& Plxi, xo)& 24 431, o4& &9
Wy Aeghg 7,

a) Example of regression tree for a
two dimensional problem on (x,
x2). b) The regression surface corr~
esponding to a), where P(x1, x2) is
a approximator, and predicted out-
put variable y; is a constant.

Fig. 1.

2) AR exj7z2Aq riyel A%

dubdo g g A4S A% A% nd2e H%
A7 feedforward neural network), RBF(Ra-
dial basis function) WEY= Z CMAC(cere-
bellar Model Arithmetic Computer) S| il
sk AlATe A3 backpropagation) &4t
TelEe dubes AMgdjel, RBF dlESlm ¥
CMAC YIEH=ZE k-mean THYIR|ES ]85l
7+ A9 FAR 2718 AAs 4 9 Y
22+ LMS(least mean square) T3& o]83}
O:] i—}__g_ﬂ_,;}‘ﬁ 7, 8,9, 10, 11]

=z 0
0 =

FdEY 2% A g4y AL AT YAMAY

(190)

G G

Azl o AR 5 FHE AT B e
24 oJe] A-rabge] HolA dAF I 3L 9
& AAY 2dER H{A] FE Ax"lae AkE A
=sjgdch. Sethis} Yud] |7 dAEE A=y
WEY=zdd 2E8Azed HEH JEQze] AHAS
o Be FH& Jvlsl] £ 54 A
A 2! Pragert CART(classification and re-
gression trees) ¢ CMACE Zghigded] CART
slHE]e] T x=Fo| YA 24¢AH hyperbox)
55 77 o uEE $AAN 243 220
AXE FEES JATREN Foid gl Hhst
o o) ke o) FAel: adg gt
Bl Lim# Kime 37Eg]d] 7jbe & 54 28
Al2dl(fuzzy inference system)S Atsiie #l,
7wt weof &3ke Edeld doleld] gk 31
e st At eSS o83t 7 sFEy
9] gt »=E58 x| 4t wWee](fuzzy associa-
tive memory)ell ARFAIZcH )

AN F8F FHAF  shpe TRl
TAE A=Y A3 A9 2009 vEA=
AAA o2 AA=] A Z3lche d 9tk vlEY=a
2717} AR 2L 283 koo AFASE F
gFoFZx AA o= glEHzie] dige] Uefuin
ueb SpAIZME A 5 QLSS 2RI} o]
T e FEEAE A 2L 2 JEYI64
FUsle] A2 AP 209 vEHZE Aok
sAdet, Edld 712 £Hu R 1EE vEH
29 APIFlE SEuRbe] A7

E3] dEZI] vEYA(entropy network): 24
ERES F0F o}Fezl AR Il APsle] v
ez xuot Ao 5 AAHRE ZAAT wY
ofe} 2] Aptsl vEYaE sjEe 7+ 57 shidA
(full connection) & °ol%oiAl AZA7 ) nluy
< o o] F& po] QYA s /ReEN I

=3 =279 WEYaE 248k a94E 7ok
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Azt B AFY

1. MRNN(Multi feature split Regression Ne-
ural Networks)
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& dolert A gl A 2ESe] = AHE A
ofsli 7t pae] %3 dlolelel Rwel ogt Hx
of ug 1 Az Easllole ¥Eskt oleld
e 33 28 FAH B S A A4 m,
7k ogelof Tidt SIS BRI, n.
npE Sl F 2GS AAN hslel S 2
43 AHolet.

-

L

a8l 2. AA)
Fig. 2. Property of threshold value t.
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ST e & o dsl viAade doEd 3
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A=} 7B el 23Rk ﬁéﬂlz oz A
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a3 32 a7 194 RoiE FAEeY] 45 B o

1A EFIB8MEmXHE F 33 % BE $H 1%

FollA) Akl ==z FHE Sele o) MEda

€ MRNN(multi feature split regression neural
networks) 2.2 2}
MRNN#| AR thgo2 gk}

1D FoA Y o] dsle] SAEE YAl
s EelE YA L 2.2 dgdt v}

o} 7}
2) 3 E=)e) W& x=(internal node)ES
NN2| AHA 229 Felog AR}
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3) 3HELY =t r=(terminal node)¥ MR-
NN FHA 230 jelor AMgc)
AA 23] Folzl oJd e HAlE 47
of, whelA slEely ds Qo] qldd «lH
el S Al 23l 7o) A" Ay
A Lol tigt e 7] 7R 3 Ee
o] AE o] g]hc}
A 2d2al Tl 2dEalole] dAune
37 Ezdxe] W) e A2t gl =
g} ek =r) A7l
Frreel SIF RREegd ZxsPd -1, o2&
FEE &5l +12 7S AR}
AR 2ol gk dAe] T s
H3o] Aoz Aslm, FHA 2439
Aol & Jle ez FAE FHES A3

4)

6)

o,
w5
A
ar
gk

13 3. MRNN.

O

AinAs, FHA ez
A7, 29 194 B HA=ge)
i__g} g ol gt A

o

N& FHHTE Y8l 371 EHFo o}
Fig. 3. MRNN. First hidden layer neurons
correspond to the internal nodes
and second hidden layer corre-
sponds to the terminal nodes of
regression trees, in Fig. 1. Third
layer is attached to second hidden
layer for predicted output variable.
e o) oh) 3T L G ey
£ 5 5 A7t MRNN
2 o)z A Fog AN RS 98 A
ZA174olth |

2. M=z el
Tow Eeolyd dlolebd FH3 751 7=
23E) VEAES 2] dAREE ddsly T4
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o HRS4 $U Adsele] WEPAE FA5) 9 Sw. 5.
3 vEY=9] A 292g el MRNNS U y:"c‘guz—
E9]=zo] FHA ZolA Ay} dwejE] od FH
_ : W, s A 29 2 el 43 djolerEel
g} 5 W 26 i3l 2al= o83} o] Ajh)
= T_ . .2 . sl AR2ele £3 dlolele] Highela e 0
error = 1.0 - activation for winner neuron
erYor = -1.0 - activation for looser neuron
th  @EY%el(winner neuron) 7M 2 ¥t

(activation) & Zer).

B E=EA ARt 7S ERHE AHske o
9 F 7F] ok AgHS F8 Alokd MRNNSel
A 43 F 7o) g v, HrRid
(A3 1]

Folzl dloletel] izt A ER]C] AT} e H o]
ZA%0] 3AAAF] 2] A=k (supervised
learning) & AHgich. & 3AE=]S gads
o e}, T°1X] ‘%334 HMEP} &g e AHS
e 7S g5hde] H=8 gt [ |
(A8 2] ’

3HE7} AHER RS 7|23k Foizl
dlolele] &9 F7glell 71 24 wRE H5
o2 Aslr] sl e 2L Gaussian basis FF
£ Aeljic},

(yp— ;c)z

20,

gLy, = exp[ -

]

v, ¥ FoI7 Edo]y dlolele] &3 wfola
Ye FHA 2o e 2 el oig a“ﬁ
e 5%‘& AN 9ngitl gelx] o)
Gaussian basis §@<ate] A7} = wilel ¥
Engos AAH),
PE5waol g YRS Ha AR ot 2
o] ZA g}

KN
L

\}l

Pl nEW) = 2, (0ld) (1~2) + (3, Yur(o0ld))? 2

Vun(new) = y,,(old) (1-a) + y,a

a=0/(N/29+1)

. p= E5AS(learning coefficient), N& &

gh&dlolele] 4E ki 1 B5HRoR S0l o

] ‘“f‘i(connection links) 2] -5 2juigic}.
MRNNellA #E532e] 7[diEH2 Agl, 20 s

EAo2 thest 2E AHEHFOR ANt
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o] 12}e)9) ghe 2 AF3H(normalization)® F ¥
Az ol FAskats ofwldi.
3. A% 37t
MRNN*‘ gt 7 AAEH Y A
] dlolelol sl =Y yio} 7 i]-‘HE“QJ
 yie ol ¥ MSE(mean squared errors)i 24
g},

1_

MSE = ( 1/n ¥ ( yie - yi )"

tk n & TE diolete] AsE ofuigich

Fo)z) s dlolel AL 4 79 JHEAT 1A
9o 2HEAoz FA= 400708 Ede)d ¥t
132709] Hlx® 3Hie AYPsigich RTe 2U5A
B3rs) 7| E2dxie] AFAANE ofv]sln] SRNN-S &
UEA B3| A EE AN vIEYACNAY FeA
7}, MRNN< £ =204 Akt Bzl &
295 vttt =39 7t £ felx] AR
MSE & &&2 3] A&3t exjglelc}

X 1-(a) ¥ XX 2-(a)F AmEH, ¥4 3
(variance reduction) 34X& 5%, 10%, 20%%
Yol Asggt A RTE 7S Ede|de] Zuje} |
~52) AT} 10% 9 5% oA & 2ol el

o ¢ lel. =a AY 19 AY 2, 2 739el MRNN
o} A7} SRNN¥r}h d5A3} 3 & 5 3l
o ,

A3 13 Ay 28 E3]F 7 MRNNE #)as) 23
RTY Azl 9249l zxdgurvks 57
Gaussian basis @0 & 243 H399 &4
7} vl EES & 5 qlch wbdel, F A
Yolla] 2+ SRNN-2 57318 RTS Al &3

OO

73-%-9] kAt 953t
x3 5% 1-(b), EE 2-(b)E E4 A4S
RTE SRNN# MRNNe] 7}215471 e 2 # 2l

o} & e 584 23
A=) gdegs 1 739 ‘-r7]- 7‘}:‘,:75]-_1_ w}a}/q o
s ZAagES
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X 1-(a) : AY 1¢& £8 MSE 3¢

, A l 1 T
% Variance Reduction To - i ann .
| (User Specified) | KT 1 SRNN | MRNN
| 20 {training) 1.620 ) 1.466 1.690
| (testing ) 1855 ‘ 1628 | 1554
| R =
| 10 1195 | 1.437 | 1.659
\ 1.801 | 1616 | 1.555
r r (.843 ! 1.761 1.889
¢ ° t 2028 | 1918 | 1778
L L
XX 1-(b) - A¥ 19 ¥ 4Es 239 5
r% Variance Reduction To RT SRNN T MENN
(User Specified)
20 5 5 5
10 15 9 10
5 47 f 10 13
_ 4 |
X% 2-(a) : A¥Y 2& 3 MSE 3H3
I o A )
% Variance Reduction To
0 (User Specified) RT SRNN MRNN
20 (training) 1.620 1.770 1.548
) {testing) 1.855 1.656 1.465
— —
! 10 1195 | 1.88 | 1.823
| 1.801 1.724 1.680
5 0.843 1.855 2.189
2.023 1.902 1.776
L _
=X 2-(b) @AY 29 Ad AEd 239
“ T
% Variance Reduction To
T NN
(User Specified) R SRNN MR
20 5 5 5
10 15 10 10
5 47 13 13
A=

G54 B sAEE AFUARLE g
71 7ol 2Aate] Jel2 FEs e g, At
" 7 oA ez FEge s Hrl g
g AANE =% ddsel dEs AR 7
He dAEA 3 I ERE OESA 2% A=
22 A B3 A R Algekee) A

1A EFI8M&XE £33 % Bk % 1K
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7} Spsleh wma v)Ee] uhye] ARl EER|9)
Aol olEAelr] wiie F=HAR o AAeA
o} glaivkdl B o FHERe] Aie] o)ER<]
Aol 7122) 71al SRNNEG F55Ho] =
Horm wi PE7HS Gaussian basis 5E o)
43lo] A Afolle v] 2 Fo= SRNNEU) 3

AEle-g BHE 5 Uk
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