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Generating Neural Network : SGNN) &5 % A set of training examples E = {e_i},
bhlzIdl7r—2Ey b XD HBNICAESE i=1, ..., N , _
= x2—F )UK (Self-Generating Neural Tree: A distance measure d(e_i,w_j).
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ERUT [1]. ARETIE, /$Z— BRI B Sopnect (ndrnwin;
THERDFHETH BB HE (Nearest Neighbor } !
method: NN ¥%) [2],[3] &%, ESGNN, SGNN, copy(n_j, e_i);
BIEBLEOBHEEDO BRI 2T 2. T, connect (n_j,e_win);
ESGNN ¥ SGNN OULEERE 7R, HXIJ DiIck JH+;
LR EHEBRET 5. prune (n_win) ;
}
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5. Z£TT, SGNN DARKTIVIY XL EEHET o
% LT, WS ONDEDEEET 5. 1 SGNN DERT7 VY X1
ANTF—& : e; € R
* SGNT DR, ¥, /—F : n;-
o n, ODEHR : w, € R™. 95 NILREN 2 LT 2FETHS, ESGNN I3,
. n DEOH : e, MAIE CH 5 SN % WBUEER, % SGNN A
. F G 71 LTciBR SBRDBEE CRE ZVMER Y, ES
* RHAIEEAE : c,-. N7-f% ESGNN Ofe LT 1 DDfExHHT 5
R soces mennthiie ]
7 e SONN %%”5_% T BAR, #ﬁ%ﬂ#ﬁaﬁ) iX SGNN @#Sz?ﬁi%hwéom?t
DERP LA X I C WAIBLVIREADD, TTT, GEIX R
ERSERIC BT, BaEe ;”&%W/\\g (FLEAR, HRRR) %’:ﬁ'}ﬁﬂ‘%t ﬁ/‘:’ﬂﬁﬁ%h_
RV e; IEX9 % SGNT W(J)B%% BBE N, & 13 % ESGNN ORI D ERBRT 5. AFHET
&gﬁg HE, DD nyy, KED @ﬁ:#ﬁ¢ &, ESGNN ORI Y —Y7 = — X Ll 7 = —
%ﬁn7®§awﬂ%_l,,.,)mmﬁ%% Z®2D®}w:U%L&Mmt X—YTr—R
WTHEET 3. TR 7 I AERMEMAIRDEZNOWMBENE >

BTz HD Eﬁﬁa?&ﬁﬁb;% I‘]Léﬁféﬁ or

{ L ETH 2613, %h%@ﬁ%&ﬁﬁﬁ
ZHNDES T &k;b ﬁ@ﬁk%@ﬁ§77x%
BE2%. <=7 1—ZXD7 )3V X LA »X 2 1R
i.ﬁﬁ71—xm BB RME o 1253RIREIC
i

1
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Hixz 1=, Tl = — X ZFWT 10 BEsc =

R 1B ZORR #E (10-fold Cross-validation : 10-CV)[4] IC XD
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classification accuracy | computation time [s]
Dataset ESGNN SGNN NN |ESGNN  SGNN
breast-cancer 0.97 096 096 | 1.79 0.09
balance-scale 0.87 0.78 0.78| 1.61 0.07
glass 0.72 0.64 0.67| 0.81 0.04
ionosphere 0.89 0.85 0.86| 2.70 0.16
iris 0.97 0.95 095| 0.18 0.01
liver-disorders 0.62 0.58 0.61 1.43 0.07
thyroid-disease | 0.95 0.94 0.95| 0.50 0.02
pima-diabetes 0.75 0.70 0.70| 3.24 0.13
wine 0.96 0.95 095| 0.45 0.02
letter 0.96 0.88 0.96 | 444.40 18.04
Hote. Fiz, YHERERICOVTE, K=25 & L7

1 begin initialize j = the height of the SGNT
2 do for each subtree’s leaves in j

3 if the ratio of the most class > «,

4 then merge all leaves to parent node

5 if all subtrees are traversed in j,
6 then j «—j—1
g until j =0

@27—&7:—2@7wﬁU2L

1 begin initialize o = 0.5
2 do for each
3 evaluate the marge phase with 10-fold CV

4 if the best classification accuracy is ob-
tained,
5 then record the o as the optimal

threshold value
6 o +— a+0.05
7 untila=1
8 end.
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ESGNN & K=1 & L7z SGNN & Ti¥, SGNN O
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(Self-Generating Neural Network : SGNN) % >
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(Ensemble Self-Generating Neural Network : ES-
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