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A Fast Pruning Method for Ensemble Self-generating
Neural Networks

HIROTAKA INOUEH" and HIROYUKI NARIHISA't

Self-Generating Neural Networks (SGNN) have a feature of fast processing by automatically
constructing self-generating neural tree (SGNT) from given training data set. In our previ-
ous work, we introduced an ensemble model called ESGNN (ensemble self-generating neural
networks) which can be used to reduce the generalization error of a single SGNN. Although
this model can obtain the high accuracy than a single SGNN, the computational cost increase
in proportion to the number of SGNN in the ensemble learning. In this paper, we propose
a new pruning method for ESGNN to reduce the memory requirement for classification. We
compare ESGNN with nearest neighbor classifier using a collection of ten benchmark prob-
lems in the UCI machine learning repository. Experimental results show that our method
could reduce the memory requirement from 30% to 90% of unpruned ESGNN and improve
the accuracy over the accuracy of the nearest neighbor classifier. A performance analysis of
pruned ESGNN on two sampling methods is also discussed.
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Input :
e A set of training examples D = {@x;,y;},
i=1,...,N.

e A threshold value £ > 0.
e A distance measure d(x;, w;).

Method :

1 copy(ni,z1);

2 for (i =2, j=2;i<=N; i++) {
3 Nwin = choose(x;, ni);

4 minDistance = distance(®;, Wyin);
5 if (minDistance > &) {

6 if (leaf (nyin)) {

7 copy(nj, Wyin);

8 connect(n;, Muwin);

9

jtts
10 }
11 copy(nj, ®i);
12 connect (nj, Nwin);
13 j++s
14}
15 update (®;, Wayin)
16 }

Output : Constructed SGNT by D.
01 SGNTOOOOOoood
Fig.1 The SGNT algorithm.
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01 SGNTOOOOOooooooo
Table 1 Sub procedures of the SGNT algorithm.

Sub procedure Specification

copy (nj,x;)
distance (x; ,w;)

Create nj, copy ®; as w; in nj.
Compute d(x;, w;).

choose(x;,mn1) Decide nqyin for ;.
leaf (nyin) Check nq,;n whether it is a leaf.

connect (1, Nwin) Connect n; as a child of nyin.

update(x;, w;) Update w; of nj;.
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Fig.2 ESGNN of K SGNTs (training phase).
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Fig.3 A two dimensional binary classification problem.

las
las
o
0.8 e
2
) A
o s
# i
0.6 A
X'
04 ¢ SN Qa
408t
By g“&ﬁ
St
0.2 ¢ ol
0
0 0.2 0.4 0.6 0.8 1
X
(a)
1
las
las
0.8
58
0.6
X
04 ¢
0.2 ¢
0 . .
0 0.2 0.4 0.6 0.8 1

X

(c)

Sep. 2002

0000 SGNTO z; 0000000000000
000000000000 000000000000
0000000000

00000000000 SGNNOODOOOOO0
0000000000000 20020000000
00 @O00000 00000000 2000000
000000000000000000 3MO0000
0000000 SGNNOOOOOOOOOOO 4(a)d
04(b)000000000000000000000
000000000 4(c)001000 SGNNO OO
000000 ESGNNOOOOOOO 4(d)000o0
000000000000000000000000
000000000 4(a)00 4(b) O shuffling 00
0 SGNNOOOOOOOOO 0000010000
000000000000000000000 4(c)
000000000000000000000000

0.8

0.6

04

0.2 -

Xy

(b)

0.8

5
£
= b
" i :ﬁ’éj
06 wiA
%'
04 4 s gAq
iy AL 8
walbing
2a fﬁ# a
0.2t ot
o . .
0 0.2 0.4 0.6 0.8 1

X

(d)

04 200 200000000000000(a) SGNNOODOOOOOOD 10 (b) SGNN
000000000 2@M(c) DODDODDDO0O0OOOO() 1000 SGNNOOOOOO
000 ESGNNOOOOOO0OOO0OO00O000000o00o0o0oooooo ooooooo

ooooooo

Fig.4 An example of the classification results for the two dimensional binary clas-
sification problem, an example of the result of (a) SGNN (1), (b) SGNN (2), (c)
nearest-neighbor classifier, and (d) ESGNNs (K = 10). The shaded plane is the
decision region of class 0 by each classifier.
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1 begin initialize j = the height of the SGNT
do for each subtree’s leaves in the height j
if all leaves belong to the same class,
then merge all leaves to parent node
if all subtrees are traversed in the height j,
then j — j —1
until j =0
end.

0 O U WN

1 begin initialize 5 = 0, N =# of leaves on the
merged tree

2 do j < j + 1; for each attribute x;

3 search the nearest leaf of x;

4 if the nearest leaf differ from the original leaf,
5 then prune the original leaf as the dead leaf
6 untilj=N
7 end.

05 0DODODOODDOO
Fig.5 The merge algorithm.

000000 4(c)004(d)0000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
00000000000000000

4. DO00O0O0O0OO0O0OOO0O0O0bOOO0bOO0OO

ESGNNOOOOOOO0OO0OO0OO00oooooooo
gooooooobooooobooooooooon
000000000000000000000 SGNN
booooodoouooooboooooboooobooooo
00000000000 0oO0oO0 ESGNNOOOOO
0000000O0SGNNDOODOOOOD

oboboboooooooooooooooooooo
oooo0o0o0O00000 pOOOCOOODOODOOD
go0oooooooobooooooboboooooboDoo
goooboooooboooooooboooobobDbo
gooboooooobooo 200000000000
goooooobooooooo

obooobooooooboooboboooooooon
gooobobooooooobooooboooooooon
gboooooobobooooboooooooooo
gooboobooobooboooooobooooooo
goboooOoooooboooooboooooobooon
goooboboooooooboooooooooon
goobooboooooooooboooooooobo
00 s

ooboboooodooooooooooooooog
000000 SGNTOOOOOoOoooOoOoooo
goboocoooooboooocobooOobboooobooo
goocooooooooobooobooobobobobooo
goboobobooboboeuobobOOoOoOoOOOoOOO
goooooboooooooboooooooobooon
oooooDO SGNTOOOOOOOO0DOO0O00o0OOo
oooooooon

O702002000000000 SGNTODOO

06 DOODODOOOODO
Fig.6 The dead leaf pruning algorithm.
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Fig.7 An example of the SGNT pruning algorithm, (a) a two dimensional clas-

sification problem with two equal circular Gaussian distribution, (b) the
structure of the unpruned SGNT, (c) the structure of the pruned tree after
the merge algorithm, and (d) the structure of the final pruned SGNT. The
shaded plane is the decision region of class 0 by the SGNT.
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Fig.8 An example of the SGNT pruning algorithm, this example have the overlap
of data, (a) the structure of the unpruned SGNT, and (b) the structure of
the final pruned SGNT. The shaded plane is the decision region of class 0
by the SGNT.
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0 2 shuffled SGNNObagged SGNNOOOOOODODOD 100000000000000000000 (s)
Table 2 The average memory requirement and the computation time (s) of ten
trials for shuffled SGNN, bagged SGNN, and nearest neighbor.

shuffled SGNN bagged SGNN nearest neighbor
Dataset memory  time(s) | memory  time(s) | memory  time(s)
balance-scale 0.384 0.08 0.304 0.07 0.664 0.4
breast-cancer-w 0.125 0.11 0.093 0.10 0.703 0.63
glass 0.582 0.03 0.459 0.02 0.654 0.05
ionosphere 0.423 0.10 0.299 0.09 0.697 0.26
iris 0.196 0.02 0.153 0.01 0.657 0.03
letter 0.290 15.91 0.239 14.14 0.677 979.23
liver-disorders 0.690 0.06 0.483 0.05 0.670 0.15
new-thyroid 0.270 0.02 0.235 0.02 0.654 0.05
pima-diabetes 0.570 0.15 0.428 0.14 0.672 0.72
wine 0.238 0.02 0.179 0.01 0.703 0.05
Average 0.376 1.65 0.282 1.47 0.675 98.16
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0 8 shuffling 000 SGNNOESGNNOOOOOO I-NNM3-0O0O0O0O0O3-NNOOOO
0100000000000000000000D00ODODOOO
Table 3 The average classification accuracy of ten trials for single SGNN, ESGNN,
nearest neighbor (1-NN), and 3-nearest neighbor (3-NN) with shuffling.
The standard deviation is given inside the bracket.

Dataset SGNN ESGNN 1-NN 3-NN

balance-scale 0.781(0.053)  0.843(0.059) | 0.771(0.057)  0.816(0.049)
breast-cancer-w | 0.954(0.020)  0.967(0.023) | 0.954(0.025)  0.963(0.024)
glass 0.632(0.102)  0.692(0.075) | 0.669(0.086)  0.697(0.078)
ionosphere 0.858(0.042)  0.883(0.043) | 0.872(0.034)  0.858(0.044)
iris 0.953(0.055)  0.967(0.047) | 0.960(0.047)  0.960(0.047)
letter 0.893(0.007)  0.958(0.003) | 0.960(0.004)  0.956(0.005)
liver-disorders 0.574(0.086)  0.635(0.055) | 0.626(0.066)  0.623(0.064)
new-thyroid 0.944(0.070)  0.953(0.049) | 0.958(0.040)  0.940(0.063)
pima-diabetes 0.687(0.078)  0.711(0.070) | 0.692(0.084)  0.737(0.058)
wine 0.938(0.042)  0.960(0.039) | 0.949(0.032)  0.960(0.027)
Average 0.821 0.856 0.841 0.851

0 4 bagging 000 SGNNOESGNNOOODOOO 1I-NNM3-000003-NNODOOD
g1oo0000000o000ooOoo0oooooooooooboo
Table 4 The average classification accuracy of ten trials for single SGNN, ESGNN,
nearest neighbor (1-NN), and 3-nearest neighbor (3-NN) with bagging.
The standard deviation is given inside the bracket.

Dataset

SGNN

ESGNN

1-NN

3-NN

balance-scale
breast-cancer-w
glass
ionosphere

iris

letter
liver-disorders
new-thyroid
pima-diabetes
wine

0.768(0.055)
0.959(0.030)
0.593(0.107)
0.849(0.042)
0.960(0.056)
0.874(0.009)
0.574(0.077)
0.945(0.065)
0.671(0.056)
0.938(0.063)

0.850(0.047)
0.973(0.017)
0.702(0.060)
0.869(0.041)
0.960(0.047)
0.955(0.003)
0.614(0.051)
0.967(0.050)
0.719(0.050)
0.960(0.039)

0.786(0.054)
0.957(0.021)
0.603(0.110)
0.863(0.038)
0.953(0.063)
0.948(0.003)
0.617(0.077)
0.949(0.047)
0.715(0.067)
0.933(0.035)

0.822(0.044)
0.964(0.024)
0.589(0.093)
0.835(0.036)
0.953(0.063)
0.939(0.005)
0.583(0.053)
0.963(0.037)
0.706(0.062)
0.944(0.037)

Average

0.813

0.856

0.819

0.830
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breast-cancer-w 699 2 9
glass 214 6 9
ionosphere 351 2 34
iris 150 3 4
letter 20,000 26 16
liver-disorders 345 2 7
new-thyroid 215 3 5
pima-diabetes 768 2 8
wine 178 3 13
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