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[PAPER

Incremental Leaning and Model Selection for Radial Basis Function

Network through Sleep

Koichiro YAMAUCHI'®, Member and Jiro HAYAMI', Nonmember

SUMMARY  The model selection for neural networks is an essential
procedure to get not only high levels of generalization but also a com-
pact data model. Especially in terms of getting the compact model, neu-
ral networks usually outperform other kinds of machine learning methods.
Generally, models are selected by trial and error testing using whole learn-
ing samples given in advance. In many cases, however, it is difficult and
time consuming to prepare whole learning samples in advance. To over-
come these inconveniences, we propose a hybrid on-line learning system
for a radial basis function (RBF) network that repeats quick learning of
novel instances by rote during on-line periods (awake phases) and repeats
pseudo rehearsal for model selection during out-of-service periods (sleep
phases). We call this system Incremental Learning with Sleep (ILS). Dur-
ing sleep phases, the system basically stops the learning of novel instances,
and during awake phases, the system responds quickly. We also extended
the system so as to shorten the periodic sleep periods. Experimental results
showed the system selects more compact data models than those selected
by other machine learning systems.

key words: incremental learning, sleep learning, model selection, RBF

1. Introduction

In 1974, Akaike showed that the suitability of a statistical
model for a target dataset depends on the number of param-
eters in the the model and its error, and he proposed an in-
formation criteria “AIC” to measure the model’s suitability.
Later, his method was improved so it could be used to design
learning machines [1]-[4]. According to these methods, a
compact learning machine, which has no redundant param-
eters, confers a high level of generalization. Moreover, a
compact learning machine also saves resources. However,
because the appropriate number of parameters is initially
unknown, it has to be found through trial and error learn-
ing using whole samples. This trial and error learning task
is usually called “model selection.”

Actual applications using machine learning systems
usually need to achieve incremental learning in which they
learn instances in an on-line manner. In this learning
scheme, the machines are asked to memorize new instances
immediately after their presentation without forgetting old
memories. Moreover, there are no guarantees that the in-
stances presented in an on-line manner are independently
and identically distributed instances (iid), which is an es-
sential condition to approximate off-line learning effects in
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an on-line manner. In such environments, the learning with
“model-selection” to get the simplest data model is even
harder since the past samples are lost.

To overcome this problem, we present a hybrid learn-
ing system capable of both incremental learning and model
selection.

The appropriate number of parameters, however, is
highly dependent on the learning machine architecture. For
example, the usual way to achieve incremental learning is
by using instance-based learning methods, such as k-nearest
neighbors and the generalized regression neural network
(GRNN) [5], [6], but they often waste huge amounts of re-
sources to learn instances by rote. Although nearest neigh-
bor editing (NN-editing) [7] prunes redundant records after
learning, it still needs a large amount of resources to achieve
accurate recognition. On the other hand, the traditional ra-
dial basis function (RBF) [8] and multi-layered perceptrons
can construct more compact data models if they employ an
effective pruning strategy [9],[10]. However, these pruning
algorithms do not support incremental learning. Moreover,
while the evolving fuzzy neural network (EFuNN)[11] and
receptive field weighted regression (RFWR) [12] do achieve
incremental learning together with pruning, their resources
saving effect is relatively small compared with the RBF with
a pruning algorithm that is we report on in this paper.

In this paper, we propose a new learning system that
achieves both incremental learning and model selection for
the conventional RBF. The RBF is more plausible than
multi-layered perceptrons in terms of the growing and prun-
ing strategies of the network, so we employ it as the main
architecture of our system. The new system has following
properties:

e Incremental learning of non-independent instances,
which are correlated with time, without forgetting old
memories.

e Dual parallel learning architecture for simultaneous
model selection and learning of new instances.

First, we propose the base model of the new system,
which is called ‘Incremental Learning with Sleep 1 (ILS1).
ILS1 repeats new instance learning and model selection
learning alternately. During the model selection learning,
ILS1 does not learn new instances.

Note that ILS1 is an incremental learning method in-
spired by biological learning behavior rather than a model
of biological sleep learning. So, the noun ‘sleep’ used in the
name of this system refers to an analogy of biological sleep

Copyright © 2007 The Institute of Electronics, Information and Communication Engineers



YAMAUCHI and HAYAMI: INCREMENTAL LEANING AND MODEL SELECTION FOR RADIAL BASIS FUNCTION NETWORK THROUGH SLEEP

behavior.

Next, we extend this model; ILS2 simultaneously
achieves new instance learning and model selection learn-
ing because it uses a dual parallel learning architecture.

Section 2 discusses related work. Section 3 outlines
ILS1, and Sects. 4 and 5 explain the two phases in the ILS1
learning procedure. Section 6 explains ILS2, which enables
the learning of novel instances during the sleep phase. Sec-
tion 7 shows an example of ILS’s behavior, and Sect. 8 dis-
cusses the benchmark test results.

2. Related Work

Hoya and Chambers proposed a variant of the general-
ized regression neural network (GRNN) for clustering [13].
It has two learning stages: growing and shrinking. In
the growing stage, the system adds hidden units for mis-
classified samples, and during the shrinking stage, it prunes
redundant units. They showed that the system performance
improved after the redundant units were removed. The main
difference between their work and ours is that theirs is not
for continuous function approximation whereas ours is. The
design principle of a learning system for continuous func-
tion approximation is quite different from that of a clustering
system.

Kasabov proposed a network similar to GRNN for
a fuzzy system[11], which they called “EFuNN.” The
EFuNN is a fuzzy neural network, and its architecture is
very similar to the GRNN, in which the output values are
calculated by normalizing consequent results of fuzzy rules
of which preconditions are matched to current inputs. Thus,
it can support regression problems. It learns instances in-
crementally by adding new hidden units, and it prunes out
redundant units by aggregating similar units.

We consider that the network architectures of Hoya’s
system and EFuNN are variants of the “table look up”
method that reduces redundant records. This method some-
times need too many resources to approximate a target func-
tion due to the look up table’s structural restriction, as is
shown in this paper’s experimental section.

Hayashi et al. proposed an improved version of adap-
tive resonance theory (ART), called the TAM-network [14].
Their system performs incremental learning and pruning of
redundant connections in the network. First, it learns new
inputs based on ART’s learning method. After the learning,
it starts the pruning process. It is a fuzzy neural network,
so we can extract the reasoning rule from the resultant net-
work, as can be done in the EFuNN. It is also for clustering
and is not for regression.

RFWR [12], which is similar to the normalized Gaus-
sian network [15], convenes localized linear models to ap-
proximate the target function. Although it is more adaptable
than GRNN, it needs too many hidden units.

French[16] and Ans and Roussert [17] have proposed
architectures that are similar to our system, i.e., dual net-
work architectures to achieve incremental learning. Their
models consist of two multi-layer perceptrons. If a new in-
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stance is assigned, one side of the network learns the new
instance interleaved with pseudo instances generated by the
other side of the network. After the learning, the learned
new instance is copied or exchanged with the other side of
the network. These models, however, do not support model
selection learning. Moreover, their pseudo samples are not
easily generated from the perceptrons, so one of the mod-
els needs an additional associative memory to recall old in-
stances.

Yamauchi et al. [18]-[21] proposed models for quick
learning of new instances, model selection, and recognition.
These models basically consist of two neural networks: a
fast learning network (F-Net) and a slow learning network
(S-Net). The F-Net learns new instances quickly to com-
pensate for errors of the S-Net. The final output is the sum
of both the S- and F-Net outputs and is always near the de-
sired output. Although the systems quickly respond to new
instances during the awake phase, they sometimes fail to
learn non-independently distributed inputs during the awake
phase for certain parameter settings. This is because the F-
Net employs normal gradient based learning. In contrast,
the system proposed in this paper overcomes this problem
by using a MGRNN [6] as the F-Net. Although preliminar-
ily results of ILS1 in this paper are reported in [22], the new
system architecture ILS2 is an improvement on the previous
models in which dual parallel learning of new instances is
enabled.

The incremental learning method for support vector
regression (SVR) is a support vector machine (SVM) for
regression, namely accurate online support vector regres-
sion (AOSVR) [23]. Using this method, the learning sys-
tem detects the optimal number of hidden units to achieve
the ability of generalization. Although AOSVR performs
incremental learning in a support vector regression manner,
its generalization ability is very dependent on the choice of
kernel, which is the same limitation as that of the original
SVM. The kernel has to be manually designed using prior
knowledge [24] or by trial and error testing. For example,
the variance of each kernel is fixed a certain width so that
the SVR sometimes needs a large number of support vec-
tors to achieve accurate learning. Moreover, AOSVR needs
to store all instances even if they are not the “support vec-
tors,” because these will be used as support vectors in later
learning steps. On the other hand, our system does not need
to store past instances because the model selection learning
uses pseudo instances generated by the internal parameters.

Umano et al. also proposed a Fuzzy system that aims to
realize sequential construction of rules [25]. Their system,
however, is not for regression and the structure and learning
methods are quite different from those of ours.

3. ILS1

This section describes the basic incremental learning
method with sleep 1 (ILS1). ILS1 is designed to build a
compact data model through incremental learning. To build
the compact data model, ILS1 employees a normal radial
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basis function network (RBF) as the core learning machine.
Note that the local internal representation of RBF is suit-
able for the incremental learning [26]. Moreover, RBF allow
a nested internal representation using several radial func-
tion so that RBF is also suitable for building the compact
data model. Although other models such as GRNN [5],
EFuNN [11] and RFWR [12] are also suitable for incremen-
tal learning, their internal representation make it hard to
build a nested one so that the amount of resources they re-
quire is usually larger than that of RBF.

Actually, the model selection of RBF is a time-
consuming trial and error process. Thus, by itself, it is un-
suitable for achieving quick responses in incremental learn-
ing. To avoid this inconvenience, the system has two learn-
ing phases: awake and sleep. During the awake phase,
the system quickly learns new instances by rote, while it
achieves model-selection to get a compact RBF during the
sleep phase. We believe that the sleep phase can be made
to coincide with the out-of-service period so this time-
consuming process should not cause inconvenience to the
user.

To perform the above tasks, the system consists of three
networks: a main network (M-Net), a fast-learning network
(F-Net), and a slow-learning network (S-Net) (Fig. 1). The
M-Net and S-Net are consist of radial basis function net-
work. The M-Net is a fixed network that keeps the network
structure acquired during the latest sleep phase. The M-Net
is also used to get precise output values for the recognition
during the preceding awake phase and for getting pseudo
instances for the next sleep phase.

During the awake phase, novel instances are presented
to the system. If the M-Net error for the current instance ex-
ceeds a threshold, the F-Net learns the current input-output
pair. The F-Net consists of an MGRNN [6]. This procedure
achieves one-pass learning of new inputs like that of near-
est neighbors and smoothly interpolates the outputs between
instances’.

The system output is the weighted sum of the F- and
M-Net outputs. The weight is determined according to the
outputs of the F-Net’s hidden units. If the outputs are large,
the F-Net’s weight is large while M-Net’s weight is small.
As a result, the system output becomes close to the desired
one immediately after encountering the novel instance.

During the sleep phase, the S-Net should learn the in-
stances stored in the F- and M-Net with reduction its number
of hidden units. In terms of the quality of the learning, S-Net
learning method should be an offline learning method with
pruning strategy. Because, the quality of resulting S-Net
using the offline learning is better than that of online learn-
ing method. The offline learning method, however, wastes
huge amount of resources to store all instances in the stor-
age space. So, during the sleep phase, the S-Net learns the
pseudo instances generated by the F- and M-Nets in online
manner. The desired output for the S-Net is the weighted
sum of the M- and F-Net outputs. The S-Net learns the
pseudo instances so as to minimize not only its error but
also its parameters. Reducing the parameters in this way
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Fig.1  Structure and behavior of system.

should improve the S-Net’s generalization ability. The S-
Net’s learning method is a modified version of MRAN [9],
which uses a growing strategy that prunes redundant cells,
as will be described later. The modified MRAN performes
stable learning, even if the distribution of inputs is unsta-
ble. The S-Net continues learning until its outputs are suf-
ficiently close to those of the pseudo outputs. Note that the
pseudo instances are generated as i.i.d samples.

To avoid wasting computational power for unnecessary
learning, only some of the total instances are used as the
pseudo instances for the S-Net learning process. Therefore,
the pseudo instances are generated from the hidden units
in the F-Net and some of the M-Net’s hidden units, which
are activated during the preceding awake phase. This means
the pseudo instances are the novel instances interleaved with
old instances, which are to be interfered from the incremen-

TOur previous version of the system has the Fnet which con-
sists of Resource allocating network (RBF). However, RAN is in-
terfered with by the learning of new instances. To avoid this draw-
back, the new system employs MGRNN.
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tal learning. After the S-Net learning(post sleep phase in
Fig. 1), the M-Net’s parameters are basically replaced by the
S-Net’s parameters. As a result, the M-Net becomes a more
suitable network for the recognition. After that, all hidden
F- and S-Net units are removed.

The F-Net then begins to learn new instances again.

However, the S-Net needs a long learning period,
which is much longer than that of the F-Net, to complete
learning, meaning that the pruning process of redundant hid-
den units is much slower than that of growing process of the
F-Net’s hidden units. Therefore, if the system learns the
S- and F-Nets simultaneously, the number of hidden units
would increase until the system approximates the total vol-
ume of the input space. To solve this problem, F-Net learn-
ing is suspended during S-Net learning. Consequently, the
system stops reading new novel instances during the learn-
ing period, and this results in alternating learning processes
for the S- and F-Nets. The learning process is repeated until
no more new instances are recorded by the F-Net. Although
the total learning period required for this system is not re-
duced in comparison with that of other learning systems,
the system does show very quick learning behavior during
the awake phase. Therefore, in practice, we can use it as a
quick learner during the awake phase, if its S-Net learning
is accomplished during out-of-service periods.

However, if the average interval of new instances is suf-
ficiently large, it is also possible that the system will com-
plete the S-Net learning during the awake phase. In this
case, system needs one more F-Net (see Sect. 6).

In the following, f},(x, Ou), fj}(x, 05) and f(x, ;) de-
note the respective output vectors of the M-Net, F-Net and
S-Net. Here, 6. and x denote the parameter vector of the
networks and the input vector, respectively. The M-Net and
S-Net outputs are the same as that of RBF. For example, the
i-th output of the M-Net is

Fi.00) = "l (x), (M)
Ma
where
“ 20',2Wa

Here, c% is the connection strength between the Ma-th hid-
den unit and the i-th output cell and ¢, (x) denotes the out-
put value from the Ma-th hidden unit, ¢, and oy, are the
reference vector and kernel width.

On the other hand, the F-Net output is the MGRNN
output:

Yk Chbr, (X)/0F,
2, OF,(X)/0F,

where ¢r;(x) is the output of each hidden unit, which has
the same form as Eq. (2).

fri(x,0p) =

3)

4. Awake Phase

During the awake phase, the system recognizes familiar in-
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puts by calculating the sum of the outputs from the F-Net
and M-Net while the F-Net learns novel instances quickly.
Let f*(x) and D(x) be the final output vector of the system
and the desired output vector to x, respectively, where f*(x)
is the weighted sum of the F-Net and M-Net outputs:

J1(x) = wr () f(x,0F) + wy(x) f,(x, 0r) “)

The weight wr(x) and wy,(x) are the weights for the F- and
M-Net outputs and they vary depending on the activity of
hidden F-Net units. Therefore,

1
1+ exp(-A{XF, ¢r,(x) — Oa})
wy(x) = 1 —wg(x) (5)

where A denotes a gain that determines the smoothness of
the weighting function and 6, is the threshold for determin-
ing the trusted input region for the F-Net’s output. We set A
and 6, to 100 and 0.95, which are determined through nu-
merical tests.

The F-Net learns a new unknown instance (x,,, D(x,))
by adding new N + 1-th hidden unit if || D(x,,) — f* (x,)|| > €&,
where ¢ is a threshold.

F
Cine1 = Di(xn)

wr(x) =

OFy,, = Armin {sz@?l e, — ur,ll, min [, — uMﬁII}

Ury,, = Xn (6)

where Ar denotes overlap ratio for the F-Net. Note that the
overlap ratio is for determining the kernel width: o, . A
larger Ar makes o-,f, 4 wider. According to the MGRNN
heuristic, A is set to 0.5, with which the slope of the regres-
sion curve in the middle between the nearest two samples
equals the slope of the connecting line. To do this, the ker-
nel width of the old F-Net unit, which is the nearest to the
new allocated hidden unit, needs to be the same width as
that of the new kernel. Therefore, if the F';-th F-Net unit is
the nearest unit,

OF; '= OFy, 1)

else if the nearest unit is a M-Net unit, we do not touch the
M-Net kernel width to keep its memory.

According to the MGRNN algorithm, after this initial-
ization, the kernel width o, should be optimized to mini-
mize the generalization error. However, in this paper, we do
not discuss such an optimization process since it is waste-
ful to optimize the F-Net parameters for temporal use of the
F-Net. The above equation is repeated whenever a novel
instance appears.

5. Sleep Phase

The learning during the sleep phase aims to modify the M-
Net’s parameters using the S-Net so as to fit the new in-
stances stored in the F-Net.

Fundamentally, the M-Net should learn the F-Net’s in-
stances. However, this learning style causes catastrophic
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forgetting of the M-Net. To avoid this, the M-Net must ac-
complish both the learning of the F-Net’s new instances and
the re-learning of the pseudo instances recalled from the M-
Net itself, simultaneously. During such learning, however,
the M-Net’s memory is also modified due to the parame-
ter changes, so the M-Net fails to learn correct outputs. To
overcome the problem, the M-Net has to recall and store the
instances in a learning pattern buffer prior to the re-learning
process. However, this strategy has the drawback that the
buffer usually wastes a huge amount of storage space.

To solve these problems, in this system, the M-Net it-
self plays the role of the buffer and the S-Net learns the
pseudo instances instead of the M-Net. Therefore, the F-
Net and M-Net generate pseudo instance (&, D*(®)), where
D*(x) denotes the pseudo desired output vector. Then the
S-Net learn the pseudo instances in online learning manner.
This is for achieving buffer less learning. Therefore, if the S-
Net learning is an offline learning, the system need a buffer
to store all the pseudo instances. This is not suitable for our
system in terms of saving storage space. So, S-Net learns
the pseudo instances in online learning manner.

Prior to the S-Net learning, this system copies all or
some of the M-Net’s parameters to the S-Net as the ini-
tial parameters. To avoid wasting computational power, the
M-Net copies the parameters c?” ,uM, oM associated with
only the hidden units which are activated during the adja-
cent awake phase to the S-Net. During the awake phase,
each hidden unit in the M-Net checks its “activated-flag”
when the unit is activated. If ¢, (x) exceeds the threshold
€, then ActivatedFlag; = true. If ActivatedFlag; = true,
then the i-th M-Net hidden unit is regarded as “active unit.”
Below, we call the hidden unit an ’active unit.’

Note that the active units in the M-Net represent the
memory that will be interfered with by the learning of the
new instances in the F-Net. Therefore, the system realizes
effective learning using the pseudo instances generated from
the active units (see Fig. 2).

5.1 Pseudo Instances

The (%, D*(%)) are generated based on the modified version
of the method proposed in Ref.[26] as follows. The sys-

pseudo input generated by
Novel Instance

sLorcd in the F-Net

the active unit

Pseudo Output

M-Net fM (z,0Mm)

' I
l
'
I
Mo (x)

Active units £

Fig.2  Pseudo instances generation. The active units are activated by the
new instances stored in the F-Net. The system learns the new instances
interleaved with the pseudo instances generated by these active units.
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tem randomly chooses one hidden unit from all the hidden
units of the F-Net and active units in the M-Net every time
one pseudo input is generated. Using this strategy, the sys-
tem generates independent and identically distributed (iid)
pseudo inputs for the S-Net online learning. As a result, the
S-Net can learn the F-Net outputs correctly.

The pseudo input vector X generation algorithm is var-
ied depending on which network, F- or M-Net the hidden
unit belongs to:

R Ur, if F-Net’s hidden unit 8)
X= : . . .
Uy, + loy max K if M-Net’s active unit

where « is a random vector with unit length, and / is a ran-
dom value in the interval [0, 1]. Here, 0y max ; denotes
maximum Euclid distance between the j-th hidden unit cen-
ter and instances. If the j-th M-Net hidden unit center is
the closest to the center of the k-th F-Net’s hidden unit and
OMmax j < llepj — upgll, then o pymax j is updated to be the
current distance: O ymax j := llup; — wrkll. This parame-
ter setting is achieved just before a removing process for all
F-Net hidden units at the end of sleep phase.

The output vector D*(%) is basically the weighted sum
of the F- and M-Net outputs without non-active hidden
units. Precisely, D*(&) should be the outputs minus the M-
Net output without active hidden units:

D*(%) = wr®)fp(®) + wn(X)f ) (&, Orr)
- fju(x, 0Mn0n—aclive)~ (9)

where 01,0n-acrive 18 the parameters of the M-Net associated
with the non-active hidden units. This is because, the param-
eters of the active M-Net’s hidden units are to be replaced
by the parameters of the S-Net (see 5.3), so the S-Net output
must fit to the subtracted value.

5.2 S-Net Learning (sleep phase)

The S-Net learns the pseudo instances (&, D*(%)). Actually,
we can employ various learning methods for the S-Net. The
conditions for the S-Net learning method are

e [t is an online learning method, and
e The method reduces redundant parameters by a prun-
ing or merging strategy.

The first condition is needed for bufferless learning; and the
second is the essential condition for our system.

In this paper, we use a modified version of the MRAN
learning algorithm [9], which is an online learning with a
pruning strategy. MRAN is superior to other methods in
terms of its generalization ability and the smaller quantity
of resources consumed during learning. In the pruning strat-
egy, the S-Net prunes any hidden units whose contribution
ratio is smaller than a threshold. The contribution ratio of
the S j-th hidden unit is the relative magnitude of outputs, as
per the equation below.

rj(%) = llej¢s,(®)ll/ max|leips, (DI, (10)
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for each pseudo instance (%, f* (%))
for each § j-th hidden unit
if ||® — usqll < 054 then
Calculate the contributing ratio rsj(f) with Eq. 10
if rsj(fc) < & for M consecutive & then
prune the S j-th hidden unit;

Fig.3  Pruning algorithm.

where c; is the connection strength vector between the S ;-
th hidden unit and the output units. Note that this equation
estimates the contribution ratio for only one input vector X.
To estimate the contribution ratio for all input space roughly,
the Minimum RAN algorithm estimates Eq. (10) using sev-
eral different input vectors. Therefore, if r;(£) is less than a
threshold for M consecutive pseudo input ¥, the hidden unit
is pruned. This estimation method is the same as that of the
original MRAN [9].

The distribution of pseudo inputs varies depending on
the change in the number of hidden units. The original
MRAN pruning method, however, usually discards hidden
units that are needed when the distribution of ¥ inputs varies.
To overcome this shortcoming, we slightly modified it to
measure the confidence of each hidden unit. In the modi-
fied method, the confidence ratio of each hidden unit is only
measured when the unit is active. Therefore, the contribu-
tion ratio r;(®) is only estimated when [|X — ug.ll < 0sq,
where o, is the kernel width of the hidden unit. This re-
striction means that, the resulting ratio is unaffected by vari-
ations in the distribution of pseudo input X. The summarized
pruning algorithm is given in Fig. 3.

In the box, ¢ denotes a performance-threshold and
this is also determined through preliminary experiments to
minimize Akaike’s Information Criterion (AIC) [27], which
evaluates the statistical suitability of linear models for a
dataset. According to AIC, the model of minimal number of
parameters which are essential for the learning of the dataset
is good. Although the AIC is for evaluating linear models,
we can use it for rough evaluation of the parameter ¢.

In fact, however, ¢ can be set roughly. As shown in §,
in many cases, ILS1 is superior to other systems even if ¢
is set to a certain value. In the experiment, we set 6 = 0.4,
to which the averaged ILS1 performance is almost the best
over several datasets.

The S-Net’s learning method is that of M-RAN pro-
posed by Yingwei et al. [9] with the modified pruning algo-
rithm, but the extended Kalman filter (EKF) used in the orig-
inal M-RAN is replaced by the standard gradient descent
method, for which Fig.4 shows the whole S-Net learning
procedure. In this figure, e, denotes the root mean square
error of S-Net.

The leaning process is repeated Nopimize times, where
Noptimize 15 set N, times the number of hidden F-Net units
and M-Net’s active units. In the experiment described later,
N, was set to 200.
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for n = 1 to Nyprimize times
Get pseudo pattern & from the F- and M-Net.

STy W @)-fs ol
M

Crmsn =
en = max{€uaxy", €min}, Where y < 1 is a decay

constant

if ming, [|¥ — usqll > e, and

If* &) = fs @Il > eg and

€rmsn > e/rmsn and

Number of allocated cells is less than that of F-Net

then

allocate new Acell Sa

usqy = X
cse = [fT@®)-f5®)
osa = min(ds mingg | — wspll. omax)
else
Use 1= se — Vg, @) - @I
csa = €sa—eVes, IFE - @I
Tsa = Tsa— Vg, IF@) - fF@IP
endif
Execute the pruning algorithm(see Figure 3)
endfor

Fig.4  S-Net learning procedure.

5.3 Post Sleep Phase

After learning with the S-Net, the system removes both ac-
tive M-Net hidden units and all F-Net hidden units and their
associated parameters, after which all parameters of the S-
Net are moved to the M-Net. Then, the system restarts the
awake phase.

6. ILS2

During the sleep phase, the system normally does not sup-
port any other new novel instances. This restriction is in-
tended to fix the output function of the F- and M-Net so
that they generate consistent pseudo-instances for the S-Net
learning. We can overcome this restriction by making a mi-
nor extension to this system.

The extended system has an additional F’-Net, which
also consists of an MGRNN:-like F-Net (see Fig. 5). Even if
the system is in the sleep phase, the M-Net and F-Net can
predict the output vector to the current input vector by sus-
pending the sleep learning process for a moment. If the pre-
dicted output vector is not correct, the F’-Net learns the new
novel instance. F’-Net learning rule is almost the same as
that of F-Net, but each hidden unit’s kernel width is adjusted
according to both the M- and F-Net hidden units. Therefore,

oF,,, = Ap min {min lIx, — wp,|l, minlx, — wp,ll,
@ B

Jmin [l —up;ll} (1)

where OF denotes the kernel width of N + 1-th F’-Net
hidden unit and u,, denotes y-th F’-Net center.

The output vector of the system is the weighted sum
of the F’-Net and the original system’s output vectors. The
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weights are calculated in the same manner as Eq. (5). In the
extended system, all the F’-Net’s hidden units are moved to
F-Net when the number of the F’-Net’s hidden units reaches
the upper limit and the sleep phase has finished. How-
ever, the kernel witdh’s of the moved hidden units should
be re-adjusted according to the M-Net hidden unit’s centers,
which are determined by the last sleep phase. To achieve
this, ILS2 moves F’-Net’s hidden units one by one, and ad-
justs moved hidden unit’s kernel-width using Eq. (6), where
x, is replaced by the moved kernel center u-,,.

The system performs sleep learning during the intervals
between the instance presentations. If the presentation fre-

gating

F-Net
(MGRNN)

Move all parameters
tqg the F-Net

after finishing of
the sleep phase

Fig.5 Extended system: ILS2.

novel instance unsupport period

O

sleep phase

ILS2 unsupport period

|

F-Net learning I_
i

simhinhila

ot o gt

sleep phase

Fig.6  Examples of ILSI and ILS2 time charts. (When maximum num-
ber of F-Net hidden units is 5.)
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quency of novel instances is low, the sleep learning is com-
pleted during the awake phase. However, if the sleep learn-
ing takes a long time and the F’-Net’s hidden units reach
the upper limit, the system stops learning new instances and
focuses on the sleep learning for the S-Net.

Even if such a case occurs, the system can reduce the
actual out-of-service period compared with the original sys-
tem (see Fig. 6). In the following section, this extended ILS
is called ‘ILS2’

7. Examples of System Behaviors

This section presents examples of ILS1 and ILS2 behaviors.
For simplicity, the desired outputs have been set to one-
dimensional input and one-dimensional output.
We prepared non-independent samples of a sine curve.

y(k) = sin[x(k)],
x(k) = 2kx/N (k=1,---,N) (12)

where N denotes the number of input variations. To gen-
erate non-independent instances, we increased & in steps of
1. During each awake phase, 20 instances were presented to
the F-Net. N was set to 100.

Figure 7 shows an example of ILS1 behavior after the
2nd and 3rd awake and sleep phases. We can see that after
the 3rd awake phase, the F-Net approximates outputs in the
area of the novel instances, and the output curve for the M-
Net not only extended the previous curve, but also smoothly
followed the new F-Net’s curve.

Figure 8 shows the mean square error for all samples
and the number of hidden units of the network after each
awake and sleep phase. From this figure, we can see that
the mean square error immediately after the sleep phase is
usually smaller than the error after the awake phase. This
means the generalization ability of the system is improved
by the S-Net learning, during which the S-Net with fewer
redundant hidden units learns the new instances interleaved
with pseudo instances. This strategy avoids over-fitting to a
small number of instances and also saves resources.

N © M-Net output after |
the 2nd sleep phase
08} /="
06} © System output after |
04 . the 3rd awake phase
02}
0 -
021 region of novel instances
04} ;
M-Net output after
08T the 3rd sleep phase: ‘
-0.8 n s L ] (-

-1 0 1 2 3 4 5 6 7

Fig.7  Examples of ILS1 behavior for non-independent instances: out-
puts from each network in 2nd and 3rd learning phases.
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immediately after
the 1st awake phase
immediately after
the 1st sleep phase

2 021 immediately after.
®0.15 the 3rd awake phase

immediately after
0.05} the 3rd sleep phase

Maximum number of hidden units
45} during the awake and sleeg phases

immediately aftel
the sleep phase
40 60

0 20 40 60 80 100
Number of Observations

Fig.8
the learning (right).

New instances are ignored.

0 20 40 60 80 100 120 140 160 180

Fig.9 ILS2 and ILSI behaviors: mean square error for servo dataset.
All samples of servo dataset were presented to the ILS1 and ILS2 one by
one at intervals of 1000 msec. Each vertical line indicates the ILS1 or ILS2
learned the new sample at that point. Note that, in the early steps of the
learning, ILS2 learned almost all of samples presented whereas ILS1 oc-
casionally ignored some new samples. In the latter steps of the learning,
ILS2’s S-Net learning period became long because the number of S-Net
hidden units was increased. As a result, the F’-Net in ILS2 became full and
ILS2 also ignored some new samples.

We constructed the ILS2 algorithm as a java-thread
class so that the S- and F’-Net learning could be executed
in parallel. Therefore, the S-Net pseudo rehearsal was ex-
ecuted by the corresponding thread class while the F-, M-
and F’-Net performed the recognition and learning for the
current inputs. To verify that ILS2 supported the learning
of new novel instances during the sleep phase, we compared
ILS1 and ILS2 behaviors on the servo dataset of UCI Ma-
chine Learning Repository. The upper limits of the number
of hidden units in F-Net (of ILS1) and F’-Net (of ILS2) were
set to 20. All samples of servo dataset were presented to the
ILS1 and ILS2 one by one at intervals of 1000 msec, and the
system performances were evaluated by the mean square er-
ror for the all samples. If system could not support a new
sample, the sample passed through the network without any
learning process.

Figure 9 shows the mean square errors of ILS1 and
ILS2. We can see that ILS2’s mean square error was less
than ILS1’s in the latter steps of the learning. This means
that the generalization ability of ILS2 is better than that of
ILS1 because the number of instances for the learning of
ILS1 is less than that of ILS2. Thus, the generalization abil-
ity of ILS2 was better than that of ILS1 because ILS1 had

0 20 80 100

Number of Observations

Mean square error after awake and sleep phases (left) and the number of hidden units during

fewer learning instances than ILS2 had.
8. Benchmark Tests

We compared the performance of ILS1 with those of other
learning systems on several datasets for regression. In par-
ticular, we compared the resources they used to attain their
generalization ability.

(1) Competitors

We chose GRNN-editing, EFuNN[11], RFWR[12]
and AOSVR [23] as the competitors. Note that GRNN-
editing corresponds to nearest neighbor editing for regres-
sion. Therefore, it is a generalized regression neural net-
work that prunes redundant units with the nearest neighbor
editing method.

(2) Pre-determined parameter

ILS1: Overlap ratio for F-Net A = 0.5, over-
lap ratio for S-Net A = 2.5 and prun-
ing threshold for S-Net 6 = 0.4 and
other parameters listed in Table A- 1.
Variance of radial function o = 1,
threshold for appending a new unit
6,44 = 0.7 and error threshold for near-
est neighbor editing €pyning = 0.01.
Learning parameters for linear models
A = 1, initial diagonal values for matrix
M = I, growth threshold wy,, = 0.1,
and pruning threshold w,,e = 0.9.
The fuzzy membership function is con-
structed from a Gaussian radial func-
tion such as RBF hidden units: ini-
tial variance is 0.005, aggregation error
threshold £ = 0.0001 and maximum
radius R, = 1.

The variance of each radial function is
0.5, insensitive width & = 0.1 and coef-
ficient C = 10.

GRNN-editing:

RFWR:

EFuNN:

AOSVR:

(3) Datasets

We chose the following datasets from the UCI Machine
Learning Repository': servo, housing, CPU-performance,

Thttp://www.ics.uci.edu/"mlearn/MLRepository.html
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Table 1  Datasets used in the experiment and their corresponding net-
work size.
| Name | Size | Network-size |
Mackay-Glass 500 4-1
CPU-performance | 263 6-1
Mpg 392 7-1
Servo 167 12-1
Housing 500 13-1
0.08
T T
0.07 i EFuNN
k... | e
5 006 K
e § RFWR GRNN-egiting
L —_—
® 0.05 X
S
3 004
(%2}
S 003
o)
= 0.02 | immediate after Awake phase
immediate after sleep phase ILS1
0.01 X
%20 40 60 80 100 120 140 160 180

Number of observations

Fig.10  Mean square error vs number of observations in servo dataset:
The error bars indicate 95% confidence intervals.

MPG, and Mackay-Glass. Table 1 lists the network sizes for
these datasets. Note that we extracted consecutive 500 sam-
ples from 1500 Mackay-Glass-chaos time series samples for
the learning.

(4) Benchmark tests

ILS1 learned 20 instances in each awake phase, and
its performance was evaluated with the mean error imme-
diately after both awake- and sleep- phases. GRNN-editing
and EFuNN learned instances in the same manner, whereas
AOSVR and RFWR learned them one by one.

Each instance was presented to the systems only once
(one-pass learning). We evaluated the performance of

ILS1 immediately after every awake and sleep phase with

Eu(® = 211 samples SqureErr(xy, 6(1))/Sample-Size.

Note that E,;(¢) reflects both the ratio of forgetting and the
generalization ability. E,;(f) was also used for evaluating
the other systems.

We also evaluated the number of hidden units. In
particular, because the number of hidden units varied dur-
ing learning, we evaluated the maximum and the minimum
number of hidden units. The test was repeated 50 times
while changing the order of instances, and the performances
were averaged over the 50 trials. 95% confidence intervals
were also calculated. In the case of Mackay-Glass chaos, the
500 consecutive samples were selected by randomly chang-
ing the starting point every 50 trials.

Figures 10 and 11 plot examples of the mean square er-
ror of the systems versus the number of observations for the
servo and housing datasets. We can see that the mean square
error of ILS1 was smaller than the others over the whole
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Fig.11  Mean square error vs number of observations in housing dataset:
The error bars indicate 95% confidence intervals.
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Fig.12  Mean number of hidden units vs number of observations in servo
dataset: The error bars indicate 95% confidence intervals.

range. This means ILS1 is suitable for performing incre-
mental learning and recognition simultaneously. In particu-
lar, MSE immediately after the sleep phase was usually less
than it was after the last awake phase’. Thus, the general-
ization ability of ILS1 was improved by the adjacent model
selection.

Figures 12 and 13 plot the number of hidden units ver-
sus the number of observations, for the servo and housing
datasets. We can see that the minimum number of hidden
units of ILS1 was less than those of EFUNN, GRNN-editing
and AOSVR. Although RFWR had fewer hidden units than
ILS1 had, its mean square error was larger'".

The system performances for the other datasets were
similar to those of the servo and housing datasets. There-
fore, for almost all of the learning steps, the mean square
error of ILS1 was less than those of the others and the num-
ber of hidden units after the sleep phase was also less than

"Note that, in the early steps of the learning, the 95% con-
fidence intervals of the mean square error before and after sleep
phase are obviously separated.

""Note that the number of parameters in REWR is proportional
to m x (n® + 0), but that of ILS1 is m X (n + 0), where m, n and o are
the number of hidden units, dimension of input vector and number
of outputs.
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those of the other systems.

The most important aspect is the compactness of the
system. Therefore, it is desirable that the learning machine
yield a low error rate with few parameters. The most com-
pact learning machine would not only reduce the required
resources but would also improve the generalization ability.
To compare the compactnesses of these systems, we calcu-
lated the following information criterion (AIC) for the mean
square error and number of parameters after the learning:

P

AIC =< Err >4in +;, (13)
where < Err >, denotes mean square error to the training
samples, P and n denote the number of parameters and num-
ber of training samples. Note that the AIC was originally
intended as a suitability measure for various models hav-
ing the same architecture. However, we used it to compare
the compactnesses of the different architectures. Therefore,
the model with the smallest AIC was considered to be the
most compact model that represents the training data. Ta-
ble 2 shows the AIC values of the five systems after learn-
ing on each dataset. We can see that ILS1 is the best model
for servo, housing, cpu-performance and mpg datasets but
RFWR is the best for the Mackay-Glass chaos time series.

(5) Number of parameters vs Mean square error

To compare ILS1 with the other learning methods more
precisely, we plotted the mean square error of the learned
samples versus the number of parameters under various

Number of hidden units

100 200 300

400 500 600
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pruning or growth conditions. Each system repeated the
same learning tasks as the first benchmark test under vari-
ous pruning or growth conditions, and the mean square error
and mean parameters were plotted. The pruning and growth
conditions were varied as follows. For ILSI, the prun-
ing threshold § was varied over the interval [0.3,0.5]; for
GRNN-editing, the pruning error threshold was varied over
the interval [0.05,0.1]; for RFWR, the growing threshold
Epruning Was varied over the interval [0.01, 0.1]; for EfuNN,
the aggregation error threshold E was varied over the in-
terval [0.001, 0.1]; for AOSVR, the insensitive width & was
varied over the interval [0.1,0.5].

Figures 14, 15, 16, 17, 18 plot the mean square error

0.18 72

¢
=)

e
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AOSVR-&-

0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Number of parameters

Number of observations

Fig.13

ing dataset: The error bars indicate 95% confidence intervals.

Mean number of hidden units vs number of observations in hous-

Fig.14  Mean square error vs number of hidden units in servo dataset.
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Fig.15  Mean square error vs number of hidden units in housing dataset.

Table 2  AIC after the learning of each dataset. The model of the smallest value is the best model in
terms of compactness and error. See text for detailed explanations.
| | ILS1 | RFWR [ EFuNN | GRNN-editing | AOSVR |
Servo 3.87 19.75 5.74 12.41 9.79
housing 1.09 6.93 8.03 8.83 5.5
cpu-performance | 0.253 1.33 2.18 0.94 0.54
mpg 0.222 0.52 3.34 2.83 2.3
Mackay-Glass 0.260 0.19 1.45 1.81 0.34
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Fig.16  Mean square error vs number of hidden units in cpu-performance
dataset.
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Fig.17  Mean square error vs number of hidden units in mpg dataset.
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Fig.18 Mean square error vs number of hidden units in Mackay-Glass
chaos.

versus the mean number of parameters over 50 trials for the
servo, housing, cpu-performance, mpg, and the Mackay-
Glass-chaos time series. Note that the coordinates of the
mean square error and number of parameters at the lower
left of the figures indicate that the learning system achieved
effective learning. We can see the ILS1 data points are al-
ways at the lower left. Note that the RFWR performed
slightly better than ILS1 in the case of the Mackay-Glass
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Fig.20  ILS1 vs ILS2 for housing dataset.

chaos dataset.
(6) ILS1 vsILS2

We also compared ILS1 and ILS2 performances using
Housing and Servo datasets. The learning samples were pre-
sented to ILS1 and ILS2 at interval T msec even if the sleep
phase is not finished, where 7 is 100, 200, 300, 400, 500,
750, 1000 and 2000, respectively. This test was performed
by VT64 Workstation2000 (2 x Opteron 1.4 GHz). The up-
per limits of the number of hidden units in F-Net (of ILS1)
and F’-Net (of ILS2) were set to 20. Through this exper-
iment, we examine the mean square error versus 7. The
datasets used were the same as the above benchmark tests.
The test was repeated 50 times and the results were averaged
over the trials.

Figures 19 and 20 show the mean square error after the
presentation of whole samples versus 7. We can see that
ILS2 is superior to ILS1. This means that the number of
learning samples of ILS2 is larger than that of ILS1. If 7
is large enough, ILS1 performances will close to those of
ILS2.

9. Discussion and Conclusion

We presented a learning system that simultaneously
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achieves quick adaptation and model selection by using two
learning phases: awake and sleep. The experimental results
revealed that the system outperformed other learning sys-
tems in solving function approximation problems. The main
aim of this work was to devise a model selection method
to reduce the total computational cost, which in turn would
improve the generalization ability, and the benchmark test
results proved that we achieved our aim. That is, the mean
square error of ILS after the sleep phase was better than af-
ter the awake phase in the early steps of the learning. This
is because the compact RBF network that was created right
after the sleep phase could interpolate the outputs for un-
seen inputs. This is different from the case of table look up
methods such as GRNN.

The main difference between our system and systems
such as EFuUNN and RFWR is its the network structure. Our
system uses the traditional RBF as the learning machine,
whereas the others use GRNN or an normalized Gaussian
network-like architecture. Specifically, our system does not
normalize the output values of the network of the RBF by
using the sum of Gaussian outputs, whereas the other meth-
ods do. By using the RBF architecture, the resultant network
structure becomes slimmer than the others, as was shown
experimentally. ILS1 requires that several networks, e.g.,
the M- and F-Net, have correct pseudo-samples because the
RBF (S-Net) outputs during the model selection dramati-
cally change; the system has to keep the previous learning
result in another network.

The most important result is that the system supports
the learning of non-independent distributed instances with-
out forgetting. To support non-independent instances, learn-
ing methods during the awake phase should not contain on-
line gradient-based parameter modifications such as proba-
bilistic gradient descent learning. This is because a method
such as probabilistic gradient learning needs the iid in-
stances to approximate accurate gradient descents on the er-
ror surface, but there is no guarantee that the actual samples
are iid samples.

This system performs learning during the sleep phase.
During the sleep phase, the network structure is rebuilt to
be simpler and the parameters are refined to improve their
generalization ability. Although ILSI is a learning method
inspired by biological learning behaviors rather than the
model of biological sleep, the design principle is similar
to that of the model of the Hippocampus: the interleaved
learning proposed by McClelland et al. [28]. In interleaved
learning, the network learns not only the new instances but
also old instances stored in a buffer. This learning strategy
reduces interferences due to learning new instances. Sim-
ilarly, during the sleep phase of ILS1, the S-Net relearn
pseudo-instances generated not only by the F-Net but also
by the M-Net. Note that the F-Net outputs correspond to
new instances but M-Net outputs correspond to learned old
instances. Norman et al. [29] extends McClelland’s model
to reduce the interference even if the old instances are lost
from the Hippocampus. They predict that the learning of
new instances stored in the Hippocampus is achieved dur-
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ing non-REM sleep, whereas the rehearsal for old instances
is achieved during REM sleep. They proposed a model of
REM sleep: the oscillating learning algorithm , which is also
for reducing the interference due to the learning during non-
REM sleep. Thus, in terms of the learning strategy, these
models for the Hippocampus focus only to how to reduce
the interference due to new learning. On the other hand, our
model ILS1 focus not only on the reduction of interference
but also on the model-selection. This is the essential differ-
ence between ILS1 and the Hippocampus models [28], [29].

Similar behaviors can be found in biological learning
systems. For example, Amis and Daniel [30] showed that
the timing and structure of the activity in a motor cortex
elicited by the playback of a song during sleep matched the
activity elicited during a daytime recital of the song by the
subject. They showed that the timing and structure of the ac-
tivity in a motor cortex elicited by the playback of song dur-
ing sleep matches the activity during daytime singing. They
said that their data suggested that sensory-motor correspon-
dences are stored during singing but do not modify behavior
and that the off-line comparison of rehearsed motor output
and predicted sensory feedback is used to adaptively shape
motor output.

The benchmark test results also revealed that the max-
imum resources used during the learning processes is some-
times larger than those used by the GRNN. The maximum
quantity of resources used during the learning depends on
the dataset and if it contains redundant input dimensions,
the number of hidden units will greatly increase. To over-
come this problem, we modified the system so that it would
ignore redundant dimensions [31].
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Appendix: Determination of Parameters

The parameters used are listed in Table A- 1.

Many parameters should be set to a certain value which
is determined empirically. To determine the parameters for
better performance, we fixed a part of parameter to certain
values and then optimized the remained parameters through
preliminary test. The optimized parameters were the overlap
ratio for the S-Net, Ag, and the remove-threshold, &, which
are the relatively sensitive parameters for the system perfor-
mance. Normally, these two parameters should be adjusted
to each target dataset. However, according to the preliminar-
ily test, the best combination of these parameters for the five
datasets were almost the same: (Ag,0) = (2.5,0.4). Thus,
we fixed the two parameters to those values for all bench-
mark tests.

The three parameters, Ay, Ag and 9, are especially im-
portant and affect the generalization ability of the system
directly.

The overlap ratio for the F-Net, Ar, was set to 0.5,
which represents the smoothness of the interpolated surface
between instances. If A is small, the F-Net behavior closes
to that of 1-Nearest Neighbor. As described in one way to
determine the kernel width 0.5x min distance, which is ac-
cording to the MGRNN heuristic [6], Af is set to 0.5, with

Table A-1  Parameters used. (N, denotes number of output dimensions)
[ Parameters | Explanation | Value |
A Smoothness of wg(x) 100
64 threshold for the trusted input region 0.95
£ learning speed 0.001
€E Allocation threshold for F-Net 0.0001
AF Overlap ratio for F-Net 0.5
As Overlap value for S-Net 2.5
Emax Allocation threshold of S-Net 1
Emin Allocation threshold of S-Net 0.01
€hmse Allocation threshold of S-Net 0.01N,
o Pruning threshold 0.4
M Consecutive observations 10
T Buffer size for calculating MSE 100
N, Number of pseudo instance per cell 200
dpmin Threshold for wr(x) 0.5
€ Threshold for checking
whether each hidden unit is 0.00001
activated or not
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Table A-2  Datasets used for preliminary tests.
| Name | Size | Network-size | Class type
CPU-performance | 340 5-1 Continuous
MPG 392 7-1 Continuous
Servo 167 12-1 Continuous
Housing 500 13-1 Continuous
Table A-3  Suitability vs Ag to each dataset.
| Dataset |/ls:1|/ls:1.5|/15:2|/15:2.5|/15:3|
Housing 0.032 0.027 0.023 0.0021 0.03
Servo 0.019 0.011 0.001 0.01 0.014
MPG 0.0022 | 0.0018 | 0.0046 | 0.0018 0.003

CPU-Performance | 0.008 0.0081 0.013 0.008 0.011
Mackay glass 0.018 0.018 0.028 0.020 0.023

Mean suitability | 0.016 | 0.013 | 0.016 | 0012 | 0.016 |

which the slope of the regression curve in the middle be-
tween the nearest two samples equals the slope of the con-
necting line. To do this, the kernel width of the old F-Net
unit, which is the nearest to the new allocated hidden unit,
needs to be the same width as that of the new kernel.

The S-Net’s overlap ratio and remove-threshold, Ag
and §, were determined through two preliminary tests. The
first test was to determine the overlap ratio, g, whereas the
second test was to determine the remove-threshold, 6. In
these two tests, the system performance the four datasets
listed in Table A-2 were evaluated with varying Ay and 6.

In the first test, all parameters except for Ag were fixed
at the values in Table A-1. Note that § was also fixed at
a certain value 0.5 in this test. Ag was varied during the
interval [0.5,3] and suitability measure [1] was calculated to
evaluate performance corresponding to each value of As.

The suitability measure used was similar to AIC

o P

Suitability =< Err >yqin +w;, (A-1)
where < Err >, is the mean square error to train samples,
w is an weight, P is the number of system parameters and n
is the number of training samples. We set w = 0.002 for the
evaluation. Note that Eq. (A- 1) shows a small value when
the system yields small error to the learning samples with
a small number of parameters. User should set the weight
w appropreately according to how much he attends to the
balance between the error and number of parameters.

Table A-3 denotes the suitability to each dataset after
finishing all learning phases. This test was executed in the
same manner as the experiment. Learning was repeated 10
times changing the order of presentation of the dataset. The
result was averaged over 10 trials. We can see that the opti-
mum Ag depends on the dataset but optimum values are dis-
tributed around Ay = 2.5. To evaluate the averaged optimum
value, we calculated the normalized suitability, which was
normalized by the maximum AIC in the datasets. We then
averaged all normalized AIC for each Ag. The last line of
Table A- 3 denotes mean normalized suitabilitiess. We can
see that the mean value becomes minimum when Ag = 2.5.

The second test was to determine of ¢ and here, Ag was

735
Table A-4  Suitability vs ¢ to each dataset.

| Dataset [6=03]6=04]6=05]6=07]6=09 |
Servo 0.024 | 0.021 | 0.024 [ 0.033 | 0.039
Housing 0.014 | 0.010 | 0.011 | 0.014 | 0.017
CPU-performance | 0.0019 | 0.0016 | 0.0019 | 0.0016 | 0.0031
MPG 0.0072 | 0.0076 | 0.008 | 0.0034 | 0.012
Mackay-glass 0.018 | 0.020 | 0.021 | 0.028 | 0.028

| Mean suibility | 0.013 | 0012 | 0013 [ 0016 | 002 |

set to 2.5, which is the optimum value determined in the
first test, and & was varied during the interval [0.3,0.9]. Ta-
ble A-4 denotes the suitability to each dataset. We can see
the optimum values also depend on the dataset, but these are
distributed around 0.4. To evaluate the averaged value, we
calculated the averaged value in the same manner as the first
test. The last line of Table A-4 denotes the mean value. We
can see the optimal value of § is about 0.4.
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