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ABSTRACT generalization error. The results are compared with the hid-
den unitnumber selected by a generalization strategy, Cross

Optimizing the number of hidden units in feedforward neu- Validation [2,4]. The simple computation of the BYY crite-
ral networks is an important issue in learning. Recently, a fianot only outperforms the exhausive training of the Cross
new criteria on selecting the number of hidden units in feed- Validation approach in computational cost considerably, but
forward neual networks is proposed by one of the presentﬂ'SO in Choosing the optimal hidden unit number that mini-
author, based on the so-called Bayesian Ying-Yang (BYY) mize the generalization error.
learning theory. The new criteria can be simply computed
during the implementation of backpropagation training. In
this paper, the criteria is experimentally studied and com-
pared with the well-known Cross Validation approach. Sim-
ulation results show that obtained number of hidden units
by the BYY criteria is highly consistent to the minimal gen-
eralization error and outperforms the Cross Validation ap-
proach.

This paper is organized as follows. In Section 2, the
brief review of the feedforward network architecture with
backpropagation training;ross Validationand the BYY
(Bayesian Ying-Yang) criteria are given. In Section 3, we
present the results of simulations of the criteria through
the simplest three-layered feedforward network architec-
ture. The results are compared with minimal generalization
error and Cross Validation. Then a final conclusion is given
in Section 4.

1. INTRODUCTION

2. METHODS USED IN COMPARATIVE STUDY
Optimizing the number of hidden unit in feedforward neural
networks is important in two perspectives: One is to reduce 5 1. Three-layered Feedforward Neural Networks with
the computation time and the other is to get a high gener-gackpropagation
alization [1]. There are quite a number of methods already
proposed in the literatures of statistics and neural networks.
However, most of them tackle the problem by estimating
the upper or lower bounds on generalization error and usu-
ally difficult to compute in practical implementation. In this
paper, we experimentally study a new criteria on selecting
the optimal number of hidden units in feedforward neural
networks trained by backpropagation. It involves a small
computing cost in implementation. This criteriais proposed
in [8] by one of the present authors, based on the Bayesian
Ying-Yang BYY) learning theory [9,6,7,8]. Experimental Hidden Layer ~ Output Layer
results show that the optimal number of hidden units se- _
lected by this criteria is highly consistent with the minimal Fig. 1 The three-layered feedforward neural network architecture
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den units and output units are assumed to be embedded inttearning rate. Putting all terms together,
the input vectors of both hidden and output layer. So that

the weights connecting the bias signals and units are be- W]ﬁ new _ W]h old

ing trained and updated as usual weights. The activation I , oT , BT
function f, of the hidden units is differentiable nonlinear +onZiz {(de—y) fo (W7 2)wi Ly (W55 )
function. In our simulationsf, = f,(W"Tz) = 1/(1 +

MWy w = ey, w,)T, W = (WP, W]} wherew,; is the synaptic weight connecting the: ¢/ out-
represents the set of hidden unit weight vectors and put unit and thg — ¢h hidden unit. The iterative backprop-
equals to unity. The activation function of the output units, agation learning procedures for three-layered feedforward
fo, depends on the desire output (e.g. clustering, func-neural networks are stated as Eq. 3 and Eq. 5 respectively.
tion approximation, ..., etc). We applied the sanmnlin- The learning continues unit the algorithm converges. For
ear function as the hidden units do when simulating the details, refer to (e.g. [3,5]).

clustering problem, an¢, = f,(W°?%z) = Wl ,

z = [z1,...z) for the function approximation problem,
andW? = {W7y, ..., W2} represents the set of output unit
weights.

(5)

2.2. Cross Validation [2,4]

Backpropagation training rule is a supervised learning rule Based on [2,4], the whole data set is split into three parts:
for adjusting the hidden weights and output weights such training set, validation set and testing set. The training set
that the following error functionis minimized over the train- js used to determine the internal weights of the networks.
ing set: The validation set is used to decide when to stop training.
The testing set is used for estimating the expected perfor-
N . 1o, . D L
EW" W) = =X (d; — wi) (1) mance validation (generalization) of the resulted networks.
2 Usually, Cross Validation is applied to stop-early training.
We adapt the stop-early phenomena in choosing number of
The update rule foeach layer are being derived by using hidden units. Training starts with the training set with a
delta rule directly. small number of hidden units. After certain number of it-
erations (assumed larged enough for adapting the problem),

Forthel — th of them output units in the output layer, we the validation set is used for testing performance. The pro-

have cess repeats with one hidden unit increases and stops when
o mew o old OE(Wh W*) the validation on the validation set cease to improve. Finally
Wi =W P oo od (2) the testing set is used for testing performance of the trained
l
networks.
where% = —(di —w)f, (W T2)z, p, is the

output layer learning rate. Putting all the terms together, . ] . o
2.3. The Bayesian Ying-Yang Learning Criteria [8]
VVlonew:VVlOOld+po(dl_yl)fé (VVlOTZ)Z (3)
Based on the so-called Bayesian Ying-Yang Learning The-
ory [9,6,7,8], the following criteria is proposed for selecting

. . I hi |
For thej — th of thek hidden units in the hidden layer, we the optimal number of hidden units [8],

have,

h new h old 8E(Wh’ WO) J(k) - 05ln(Ed|x)
W =W " —pn B old 1 (6)
oW e N vk
J N i=15j=1 75 In(z5) + (1 = 2z5)In(z;)]
OE(Wh W°) 8z; Onet!
— pyhold _ ) J g
- Ph 0z; 3net§b 3W]h old . W )

4) whereFy . = Y qjep, o Ild = fo(W (W T 2))||°,
d={dy,..., dyn} andk, z;'s are output at the hidden units
as inthe Sec. 2.2. is the number of hidden units specified in

where%}m = —xL {(d — w)f. WeTa)wy} , the hidden layer. Eq. 6 is tested with varidus The for
o ’ Sneth . _ the corresponding minimum point is the optimal number of
an;t? =/ (W]ﬁTx) , W =z, p, isthe hidden layer  hidden units.



3. SIMULATION RESULTS Cross Validation and (c) Generalization Error on HAYES-ROTH
data set

The simulation is based on the architecture shown in Fig. We perform 10 similar tests with different sampled training,
1. The training procedures those in Section 2.1.1 and 2.1.2validation and testing data set. The results are summarized
Two types of problem are simulated for testing, clustering in Table 1.

and funCtlon appI’OXImatIOH FOf C|USterII’lg, we have tWO Trial Criteria C.V. Generalize Trial Criteria C.V. Generalize
benchmark data set, IRIS and HAYES-ROTH. For the func- >l 8 B : 2 I 8
tion approximation problem, we have generate two curves. : . . . : s 10 i
el 7 8 7 el 3 % ;
7 8 10 8 7 7 9 7
8 6 11 6 8 8 9 8
. 9 6 10 6 9 8 9 8
3.1. Clustering Problem 10 6 9 6 10 8 o 8
(c) IRIS Data Set (d) HAYES-ROTH Data Set

. . . .. Table 1 The resulted number of hidden unit selected by the BYY
The 4-dimensional IRIS data set consists of 3 clusters with criteria (Criteria), Cross Validation (C.V.) and minimal generaliza-

50 data po”_"S gach. The first two anq last t_WO dlmenSIonstion error (generalize) for various data set with different trials

are plotted in Fig. 2 and 3. The 5-dimensional HAYES-

ROTH data set also contains 3 clusters with 44 data pointsAs noticed from Table 1, the number of hidden unit selected
each. by the BYY criteria always match the minimal testing error.
However, itis not Cross Validation can. Moreover, the num-
ber selected by Cross Validation is usually larger.

Fig. 11, 2 dimensions of RIS Fig. 23, 4 dimensions of IRIS 3.2. Function Approximation Problem

For each cluster in any data set, 1/4 indamly sampled
out as training set, another 1/4 for validation set and the \ye generate two different curves in the rarige10]. They
rest 1/2 is for testing set. The validation set is only used gre shown in Fig. 10 and 11 respectively.
for Cross Validation. For each of the algorithms, we exten-
sively specify the number of hidden units starting from 1 to
20. Both hidden unit learning ragg, and output unit learn-
ing ratep, are fixed at 0.03. This number is chosen due to
exhausive trials on different number for the promising bal-
ance between convergent speed and training error on a 4-D
artificial data set similar to IRIS data set. The number of I —— P
iterations for each training i500. The results foeach data Fio. 107The Curve 1
set are shown in Fig. 4, 5 respectively. We randomly sample 10 points in ranffe 10] for train-

ing set. Then 10 points for validation set and 20 points for
4 testing set. Again, the validation set is only for Cross Vali-
i dation. The number we choose far andp, are both 0.01.
1 N This is again result after an exhausive testing on another ar-
B U S TN B B ) tificial curve generated in the same range. The results are

shown in Fig. 12 and 13 respectively.

(a) BYY Criteria (b) Cross Validation (c) Minimal Generalization

Fig. 4 The resulted minimums detected by (a) BYY Criteria, (b) T oo
Cross Validation and (c) Generalization Error on IRIS data set Jd0 [P RN

/ - (a) BYY Criteria (b) Cross Validation (c) Minimal Generalization

S et T Fig. 12 The resulted minimums detected by (a) BYY Cri-
(a) BYY Criteria (b) Cross Validation (c) Minimal Generalization ter'a, (b) Cross Va“datlon and (C) M|n|mal Genel’a“zatlon

Fig. 5 The resulted minimums detected by (a) BYY Ciriteria, (b) Error on curve 1



Processing Systems 5 (Denver, 1992), S.J. Hanson, J.D.
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Again, we perform ten tests with different sampling for . )

training, validation and testing data set, the results are sum-[6] X, L, (19.9761)' Ba}y§5|an Ymngang System and The-
: . ory as A Unified Statistical Learning Approach: (I) Un-

marized in Table 2. . . : . L

_ _ _ _ _ _ supervised and Semi-Unsupervised Learning. An invited

Trial Cmgena (i(;/ Gen:rahze Trial Criteria C.V. Genjrahze book Chapter, S Amarl and N Kassabov edS, Bra|n'||ke

Computing and Intelligent Information Systems, 1997, New

Zealand, Springer-Verlag, pp241-274.

[7] Xu, L., (1997b). Bayesian Ying-Yang System and The-
ory as A Unified Statistical Learning Approach: (Il) From
Unsupervised Learning to Supervised Learning and Tem-
Table 2 The resulted number of hidden unit selected by the BYY poral Modelling. Invited paper, Lecture Notes in Computer
criteria (Criteria), Cross Validation (C.V.) and minimal generaliza- gSgjence: Proc. of International Workshop on Theoretical
tion error (generalize) for various curves with different trials Aspects of Neural Computation, May 26-28, 1997, Hong

As noticed from Table 2, similar to the clustering case, the Kong, Springer-Verlag, pp25-42.

number of hidden unit selected by the criteria always match [8] Xu, L., (1997¢). Bayesian Ying-Yang System and The-
the minimal testing error. It is not the case for Cross Vali- ory as A Unified Statistical Learning Approach: (II1) Mod-
dation. The number selected by Cross Validation is usually o5 ang Algorithms for Dependence Reduction, Data Di-
larger. mension Reduction, ICA and Supervised Learning. Lecture
Notes in Computer Science: Proc. of International Work-
shop on Theoretical Aspects of Neural Computation, May
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