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EMPIRICAL ESTIMATION
OF GENERALIZATION ABILITY

OF NEURAL NETWORKS
Dilip Sarkar*

Abstract: This work concentrates on a novel method for empirical estimation
of generalization ability of neural networks. Given a set of training (and testing)
data, one can choose a network architecture (number of layers, number of neurons
in each layer etc.), an initialization method, and a learning algorithm to obtain a
network. One measure of the performance of a trained network is how closely its
actual output approximates the desired output for an input that it has never seen
before. Current methods provide a “number” that indicates the estimation of the
generalization ability of the network. However, this number provides no further
information to understand the contributing factors when the generalization ability
is not very good. The method proposed uses a number of parameters to define the
generalization ability. A set of the values of these parameters provide an estimate
of the generalization ability. In addition, the value of each parameter indicates the
contribution of such factors as network architecture, initialization method, training
data set, etc. Furthermore, a method has been developed to verify the validity of
the estimated values of the parameters.
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1. Introduction

Artificial Neural Networks (ANNs) are developed to mimic some information stor-
ing and processing capabilities of the brain of higher animals. Although the interest
of the research community in ANNs as a means for intelligent computing has existed
for over 30 years (Widrow and Lehr[24] provide an extensive survey), Rumelhart,
McClelland, and the PDP research group can be given credit for the revitalization
of wide interest in it [18], [19]. Different ANN models and their applications can
be found in many books and in such surveys as [9], [10], [24]. In depth discussions
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and knowledge about neural networks for pattern recognition can be found in such
books as, [1], [17].

At present, Feed-forward ANNs (FFANNS) are very popular, because of (i) their
simplicity, (ii) their power to extract useful information from examples, and (iii) their
capability of storing information implicitly in the connecting links in the form of
weights. Despite numerous successful applications of EBP (Error Back Propa-
gation) learning algorithm in performing many intelligent information processing
tasks in a wide range of fields, many of its characteristics are not well understood
by researchers. Learning speed, convergence rate, sensitiveness to initial weight
sets, and generalization ability are among the most important ones. This work
concentrates on empirical estimation of generalization ability of trained networks.
A brief review of research on generalization is presented in Section 1.3.

1.1 Development of a FFANN system

Development of a FFANN system consists of the following steps:

e Select a network architecture (number of layers, number of nodes in each
layer etc.).

o Select an initialization method, and initialize the network.

o Select training data set.

e Select a learning algorithm, and present data from the training data set until
errors are below a predetermined limit.

The steps just described are barely enough to obtain a network from a network ar-
chitecture. The obtained network is like a “black box” that produces some output
for every input. Nothing can be said about its generalization ability (or its per-
formance with data it was not trained with). To use the system with any level of
confidence, it is necessary to know at least an estimate of its generalization ability.
Thus it is necessary to add a final step in the network development: a method for
estimating its generalization ability.

1.2 Generalization

One measure of the performance of a learning system is how closely its actual output
approximates the desired output for an input that it has never seen. This is known
as generalization ability of the system!. Two popular methods to understand the
generalization ability of a system are test-set validation and cross-validation.

In the test-set validation model, a part of available data is used to train the
network, and the remaining exemplars are used to estimate the generalization abil-
ity of the trained network. This method is practical only if the available data set is
very large or new data can be obtained cheaply. In the cross-validation model, the
available data set is randomly partitioned into a number of approximately equal-
size subsets. A network is trained with data in all but one of the subsets. The

Note that this most commonly used definition for generalization is different from that in (3],
where it is called rule eztraction.
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remaining subset is used to estimate the generalization ability of the network. This
process is repeated for each subset using it as the test set. The cross-validation esti-
mate of generalization ability of the network architecture is an average of observed
generalization abilities of all subsets.

1.3 Research on generalization ability

Research on generalization ability of FFANNs can be classified into three categories:
i) theoretical prediction of expected generalization ability, ii) structural adaptation
of the network before, or after, or during training for improving the generalization
ability, and iii) empirical estimation of generalization ability of a trained network.
All three research directions are important, since they complement each other. A
better theoretical understanding provides methods to implement better systems, a
good estimation of generalization ability of a network provides methods for assess-
ing accuracy of a new theory, and experimental results are often useful to form a
hypothesis for establishing new theories. For a survey of literature on the first two
research categories refer to [21] and the references therein.

Bayesian ideas have been developed for application to (i) learning and regular-
ization, (ii) evaluation of trained networks, and (iii) comparison of different trained
networks [11], [14], [12]. A big advantage of the Bayesian methods is that they can
eliminate the requirement of test data. Moreover, the Bayesian methods can be
used for information-based selection of training data for a better generalization per-
formance [13]. Despite many good features, the Bayesian methods being relatively
new and being relatively complex are not popular yet. Also, like other methods,
the Bayesian ideas do not help get around the local minima problem. The fol-
lowing two paragraphs briefly review the issues related to empirical estimation of
generalization ability.

It was discussed earlier that after a network had been trained, the estimation of
its generalization ability was very important. That is because the trained network
may have just “memorized” the data used for training it. In that case, it might
be necessary to adjust the structure of the network to improve its generalization
ability. There are two simple methods that are widely used (please refer to Sec. 1.2)
for estimation of generalization ability. When any of these methods is used, one
obtains a “number” as the estimate of the networks generalization ability. The
cross-validation method is most commonly used, since it requires relatively fewer
data.

Although both methods are quite simple, there are good theoretical works to
support their usefulness. The review of different cross-validation methods can be
found in a number of books or surveys [4], [6], [8], [22], [23]. The general method
of cross-validation is discussed in [15]. The cross-validation procedure was refined
by Moody and Utans [16] for use in an environment where multiple local minima
exists, such as FFANNs.

1.4 The problem

A limitation of these available methods for estimation of generalization ability
is that they provide only a “number” stating the goodness of the generalization
ability. Suppose, for example, there were 100 pairs of test data for estimating the
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generalization ability of a network. By using the test-set validation method, for
example, it has been estimated that 90 of the test data are correctly classified.
From this empirical estimation one can assume that when the network is presented
with a new datum, there is a 0.9 probability that it will be classified correctly. To
make the estimation free of such bias as choice of initial weights, one can use many
different sets of initial weights and observe the correct classification for the network
trained with each set of initial weights. An average of these values can be used
as the final estimation of the network’s generalization ability. This use of more
and more initializations will probably make the estimation robust. Nonetheless,
from such a statement as, a 0.9 probability of correct classification, one has no
knowledge about why the remaining 10% are not classified correctly. It could be
one or more of the following: i) network architecture, ii) initialization method,
iil) training data, and iv) learning algorithm. Efforts to find a contributing factor
or factors from these four factors have provided methods to obtain networks with
better generalization ability (see [21] for a survey).

2. Overview of the Proposed Method

We believe that to understand the influence of each factor, generalization ability
should be expressed as a function of several parameters. The first step in estimating
generalization ability of a FFANNA ought to be an estimation of the value of each
of these parameters. The next step will be calculation of generalization ability from
the estimated values of the parameters. Finally, there should be a method to check
the “goodness” of the estimated generalization ability. Thus we propose a three
step procedure to attack the problem:

la) Choose the parameters that will be used to define generalization ability. For
example, the fraction of the testing data set that is never correctly classified;
or the fraction of the testing data set that is always correctly classified.

1b) Express generalization ability as a function of these parameters.
2a) Desigh a procedure to estimate the value of each of the parameters.
2b) Compute the generalization ability of the given FFANNA.

3) Device a method to verify the “goodness” of the parameters and/or general-
ization ability.

In addition to the novel idea of parameterization of generalization ability estima-
tion, the concept of Step 3 is very new, to the best of our knowledge. We believe
such a step should be an integral part of all generalization ability estimation meth-
ods. The reason for this belief is that no estimation method can provide excellent
estimation for every network. Thus once an estimation has been obtained, one
should check its validity.

3. Estimation of Generalization Ability

In the sequel, a FFANN architecture (FFANNA) is a fized interconnection of a
fized number of neurons in a fired number of layers whose connection weights are
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yet to be determined, whereas a FFANN is a FFANNA whose connection weights
have been fized (possibly) by some learning algorithm. Our approach to estimation
of generalization ability is illustrated next (and can also be found in [20]). In this
work, three parameters are used. The choice of these three parameters was guided
by our experience from training many networks for various classification problems.
A possible interpretation of these parameters is presented in Section 6.

3.1 Choosing the parameters

Let S be a set of C data for testing generalization ability of a FFANNA. Let F4r,
be a fraction of the elements of S that is always correctly classified by any network
obtained from the given FFANNA. Let Fyr be a fraction of the elements that are
never correctly classified by any network obtained from the same FFANNA. Now
the remaining fractions of the elements of S are those whose a part is correctly
classified by some networks but none classified by all the networks. Let this fraction
be denoted by Fjsp. Note that

Far + Fnp + Fyp = 1. (1)

Let us denote the set of elements corresponding to Far, Fny, and Far be Sar,
SNnL, and Sy, respectively. It should be noted that S4r, Sni, and Spsp are
subsets of S, and are mutually disjoint. Also their union is the set S. Thus they
form a partition of S. It also should be noted that any of this partitions could be
empty. Let PRps be the probability of correctly classifying an element of Sarp
by a trained network. These parameters can define the estimated generalization
ability as follows:

G(Far,Fumr,PRmL) = Far + Fur x PRy 2)

One can obtain very good estimates of Fi4;, and Fyrp by counting for the fraction
of always and sometimes correctly classified examples, and for PRy the fraction
of sometimes correctly classified examples that are correctly classified. However,
for a good estimate of the parameters, the counting method requires training and
testing of a very large number of networks. An alternative method that worked
well, and requires training and testing of only a few networks is described next. For
developing this method it is assumed that errors for the patterns from subset Sarr
are independent between initializations. This assumption may appear arbitrary,
but we believe there are some connections between the local minima problem and
the correct classification of the elements from subset Sysy.

3.2 A procedure to estimate values for the parameters

Let C4r, Cnr, and Cpr be the number of elements in Sar, Sy, and Sy,
respectively. Note that,

Car +CnL+CypL =C

and
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and FMLZ%

c’ C

C C
Fur = _éE,FNL = ZNL

1) From a Given FFANNA obtain a network N; by training it with the given
set of training data. Find the set of elements S; that is correctly classified
by the network. Let C; be the number of elements in S;.

2) Repeat Step 1 four times, for example, to construct Nz, N3, Ny, and Ns,
and record corresponding correctly classified data sets S, Ss, S4, and Ss,
respectively. Let Ca, Cs, Cy, and Cs be the number of elements in S, Sz, Sy,
and Ss, respectively.

3) Compute g1 5, the 1st order generalization ability as follows,
g15=(C1+Co+C5+Cs+Cs)/(5xC). (3)

The general jth order generalization was defined by Sarkar in [21]. To make
the presentation concise, it is necessary to introduce some notations. Let
Ci,i,...i; be the size of the set obtained from intersection of S;,,Si,,...,S;;-
Let CfY, i, be the average size of the sets obtained from all possible intersec-
tions of j sets from Sy, S, ..., Sk. Now jth order generalization is computed
as follows:

gik = C3%,..4;/C )
4) Compute go 5, and g3 5.

5) Solve the following three equations relating Far, Fyp, and PRysp with
9155 92,5, and g3 5.

915 = FarL+Fuyr*PRyL (5)
925 = Fap+ Fur*(PRyL)? (6)
935 = Far+Fyp*(PRuy)? (7)

Let us see how one obtains Equation (5). By our definition, g;5 is a fraction
of C elements from S that is correctly classified on an average. However, g; 5
can also be written as the sum of two fractions. One is obtained from S4r, the
subset of S whose elements are always correctly classified. This fraction is the
ratio of the sizes of Sqr and S, or (CaL/C) = Far. The other fraction comes
from Sprr. By our assumption, the probability that an element of Sy, is correctly
classified is PRasr. Since Sarr has Carr elements, the number of elements from
Sur that, on an average, are correctly classified is Cprp ¥ PRyr. Thus, to find
the fractional contribution from this set one divides (Carr * PRarr) by C to obtain
(Cumr * PRu1)/C = (Cumr/C) x PRyr = Fayp » PRy, This completes the
justification for writing Equation (5). Using similar arguments, one can justify
Equations (6) and (7).
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3.3 Solving the equations

A set of values for the three parameters can be obtained by solving Equations (5), (6),
and (7). Since the values of g; 5, ¢2,5, and g3 5 have been estimated empirically, it
will be enough if PRar, Far, and Fap are directly (or indirectly) expressed as
their function. An outline of a method for solving Equations (5), (6), and (7) to
obtain the value of the parameters is given next. From Equations (5) and (6) we
can get

915 — 92,5 = PRy * Fyr(1 — PRumy) (8)

and from Equations (6) and (7) we can get

92,5 — 93,5 = (PRam1)? * Farp (1 — PRarg). (9)

One can use Equations (8) and (9) to obtain

PRy = 92,5 — G35 (10)
91,5 — 92,5

Similarly, the values of Fisr, and Fa4r can be obtained, and given next.

915 — 925
F = : . 11
MY PRyt — (PRur)? an
and
Fapr =g15 — Fmr * PRy (12)

Following the outlined steps one can estimate the values of the parameters and also
give an estimate of generalization ability of the network. However, how good are
the estimates? How closely do the estimated values of these parameters model the
behavior of the FFANNA? To answer such questions it is necessary to develop a
method to verify, in a completely different way, the performance prediction of the
network. In the next subsection we present a method to verify the validity of the
obtained estimates.

4. Verification of Validity of the Parameters

The values of the parameters were obtained from observed values of g;5, 925,
and g3 5. One can take another higher order generalization, such as g4 5 to check
the validity of the model. However, we believe a totally different method should be
employed to check the validity of the estimated values of the parameters. We have
used the parameters to predict generalization of voting-networks. If a set of values
of the parameters, when used to predict the performance of voting-networks, do
the prediction with satisfactory accuracy, we assume that the estimated values for
the parameters are “good” and acceptable. Otherwise, they are rejected and the
generalization ability prediction using them is questionable.
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4.1 The voting networks

In a voting model, first several networks are obtained from different initializations,
and then the final classification of a pattern is to the class (of two possible classes)
where a majority of the networks classified the pattern. Let gsny1 be a voting
network consisting of 2n + 1 networks. Thus each voting network consists of 2n + 1
networks [21]. Let P, ., (yamr) be the probability that a test pattern yys; from
Swmr is correctly classified by gony1.

If 2n + 1 networks are randomly selected from all possible networks of a given
FFANNA, then the probability that exactly k of them will correctly classify a
pattern ynr, is PR,  (ymr)(1 — PRyp(ymr))*™ 1%, where PR (yap) is the
probability of correctly classifying yasr by a single network. (Please refer to [21] for
derivation and discussions.) Now, from the 2n + 1 networks, the k networks that
correctly classify yar can be chosen in 2*+t1Cy ways. Thus the overall probability
of obtaining exactly k correct classifications from 2n + 1 networks is

2 Ce PRy (ymr) (1 — PRarp(ymrr)) 2k, (13)

Now when k > n, a correct classification is obtained from the corresponding voting
network gsny1, and thus, P, ., (yamr), the probability of a correct classification
by a (2n + 1)-voting network is

2n+1

Pppuyi(ymr) = D *"POWPRY, (yarr)(1 — PRar(ymn))®™ 175 (14)
k=n+1

An element y from the testing set S may have come from the subset S4; with
probability F4r, from the subset Sprp with probability Fisp, or from the subset
Sn 1 with probability Fyp. Thus P, (y), the probability that an element y from
the testing data set S is correctly classified by a voting network gop,; is:

Popniy = FAL*1+ Frp* Py, (YmL) + FNL*0 = Fap+ Fa Py, (yarr) (15)

Now, if the correct classification probability predicted by this equation matches
closely with that obtained from empirical observations, we accept the estimated
values of the parameters as “good” values. In the following case study we show
that the actual values of a correct prediction probability are in very good agreement
with empirical observations.

5. Experiments

Experimental studies were conducted on several problems to obtain empirical re-
sults [20], [21]. In this subsection two of these problems are briefly described and
empirical results are reported.

10
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5.1 Sonar signal classification (SSC)

Data for this study were taken from the benchmark database maintained by Fahl-
man [5]. The task is to classify sonar signals bounced off a metal cylinder and
a roughly cylindrical rock [5], [7]. The transmitted sonar signal is a ‘frequency-
modulated chirp’, rising in frequency. Each received signal was transformed into a
set of 60 numbers in the range 0.0 to 1.0. Details about the transformation process
can be found in [5], [7]. There were 208 patterns, 111 of which were obtained from
signals bounced off a metal cylinder with aspect angle spanning of 90 degrees, and
the remaining 97 were obtained from signals bounced off a roughly cylindrical rock
with aspect angle spanning of 180 degrees.

Several two-layer network architectures were considered. All of them showed
similar randomness in their generalization abilities. Results of two network archi-
tectures with 3 and 24 units in the hidden layer (abbreviated as SSC-3 and SSC-24)
are reported. For each architecture five different initial-weight sets were used to
obtain five networks. The generalization abilities of these networks were measured
following the method reported in [5]. The 208 elements of the data set, after ran-
domization, were divided into 13 subsets. Twelve of these 13 subsets were used for
training a network, while the remaining subset was used to measure its generaliza-
tion ability. This process was repeated 13 times for testing generalization ability of
a network architecture with the entire data set, and a set of correctly classified data
S1 was obtained. Similarly, correctly classified data sets Sy, Ss, S4 and S5 were
obtained. The performance of this network architecture is summarized in Tables I
and II. The size of the set S; is denoted by C;. The size of a set obtained from the

Tab.

intersection of sets S;,, Si,, -

,Si; is denoted by C;

192015

[Ci=166 [C.=169 [C3=163 [C.=168 | C,=155 |
Ci2 =154 Ci13 =151 C14 = 150 Cis =137 Ca3 =151
Coq =155 Cas = 145 Csq = 149 C3s = 137 Cys = 138
0123 = 144 0124 =145 0125 =133 0134 = 141 0135 =127
Cias = 127 Cozq = 142 Co3s =132 Cogs = 133 Csg5 = 125

[ Ci23a =137 | Crass = 125 [ Cioas = 125 | Cizes = 119 | Coggs = 123 |

| Cizzas =118

]

classification problem with 8 hidden Units (SSC-3).

1 The sizes of the response sets and their intersections for sonar signal

” Cy =174 ' C, =168 I Cs3 =176 I Cy =171 | Cs =170 JJ
Ci2 =155 Ci3 =165 Cis =159 Cis =161 Ca3 = 158
024 = 154 025 = 154 C34 = 163 035 = 160 045 = 157
C123 =151 0124 = 147 0125 =148 0134 =155 0135 = 156
0145 = 152 0234 = 148 0235 = 147 0245 = 146 0345 =151

“ 01234 =144 | 01235 =145 l 01245 =143 I C1345 = 148 I 02345 =141 ”

[ Ci2sss = 140

|

classification problem with 24 hidden units (SSC-24).

Tab. II The sizes of the response sets and their intersections for sonar signal

11



Neural Network World 1/01, 3-15

5.1.1 Majority-XOR (M-XOR)

This is one of the problems Cohn and Tesauro used to see, ‘can neural networks
do better than Vapnik-Chervonenkis bounds?’ [2]. It is an extension of the linearly
separable majority function. Majority is a Boolean predicate in which the output
is ‘1’ if and only if more than half of the bits are ‘1’. Majority-XOR is a Boolean
function of N bits where the output of the function is ‘1’ if and only if Nth bit
disagrees with the majority of the first N — 1 bits.

Several networks were obtained by varying both data set size and the number
of presentations of the data. All of them showed a similar trend. We present
generalization ability of five networks with 3 hidden units. There were 600 samples
of length N = 24, selected from uniformly distributed random binary numbers,
which were divided into 10 subsets. Nine of these 10 subsets were used for training,
while the remaining subset was used for testing the generalization ability of the
obtained network. The process was repeated 10 times to study generalization
ability of a network architecture for the entire data set. The observed performances
are summarized in Table III. It may be recalled that the formats of the table entries
are identical to those of the earlier tables.

[Ci=39% [C,=412 [C;=444 [C,=2378 [Cs=444 |
Clz = 275 C13 = 297 014 = 276 015 =301 023 = 330
024 = 278 025 = 355 034 =314 035 = 352 C45 = 306
Ci23 =231 | Ci24 =207 | Cio5 =243 | Ci134 =229 | Cizs = 242
Cras =222 | Ca3q4 =237 | Cazs =301 | Cogs =252 | Csgs = 259

” 01234 =181 | 01235 =214 l 01245 = 188 | 01345 =192 i 02345 =218 ”

” 012345 = 169 ”

Tab. III The sizes of the response sets and their intersections for majority-XOR
problem with § hidden units.

Estimation of the values of the parameters From Table I we obtain g; 5 =
0.799, g25 = 0.739, and g3 5 = 0.704. The substitution of these values in Equa-
tion (10) estimates PMs; = 0.583. The value of Fpr, = 0.247 is obtained from
Equation (11). Finally, F4; = 0.655 is calculated from Equation (12). Similarly,
from Tables II and III, and Equations (10) to (12) parameters of other network
architectures are estimated. The values of these estimated parameters for all three
networks are shown in Table IV.

[ Problem | SSC-3 | SSC-24 | M-XOR ||

91,5 0.799 | 0.824 0.681
92,5 0.739 | 0.763 0.514
93,5 0.704 | 0.722 0.404
PMpyy | 0.583 | 0.672 0.659
Fupi 0.247 | 0.277 0.743
Fur 0.655 | 0.638 0.192
Fnp 0.098 | 0.085 0.065

Tab. IV FEstimated values of different parameters of the networks for SSC-3,

SS5C-24, and M-XOR problems.

12
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Validation of the obtained values of the parameters To validate these esti-
mated values of the parameters Far, Far, and PRy, we now use Equations (14)
and (15). The objective is to predict generalization ability of voting networks from
these values of the parameters, and compare them with empirical observations.
From equation (14) we get Ps(yar) = 0.623, and Ps(yamr) = 0.653. Thus the cor-
responding estimated generalization abilities of the 3-voting and 5-voting networks
are P3(y) = 0.809 and Ps(y) = 0.816. These values are in very good agreement
with the empirical values 0.808 and 0.813 obtained from 3-voting and 5-voting net-
works, respectively. Thus we conclude that the estimated values of the parameters
are robust. Table V shows estimated and empirical values of validation parameters
for SSC-3, SSC-24, and M-XOR. problems. We can see that the predicted per-
formances of the voting networks are in good agreement with those of the voting
networks studied empirically. Thus it can be concluded that the estimated values
of the parameters are “good”.

[ Problem | SSC-3 | SSC-24 | M-XOR ||
Ps(yprrr) from Eqn (14) | 0.623 | 0.748 0.73

P;(y) from Eqgn (15) 0.809 | 0.845 0.734
3-voting networks 0.808 | 0.844 0.735
Ps(yap) from Eqn (14) | 0.653 | 0.798 0.778
Ps(y) from Eqn (15) 0.816 | 0.859 0.769
5-voting networks 0.813 | 0.85 0.75

Tab. V Estimated and empirical values of validation parameter for SSC-3,
SSC-24, and M-XOR problems.

6. Discussion

The purpose of this section is to present a discussion on possible interpretations of
the parameters Far, FnL, FMmL, and PRys;,. We start our discussion with Fyp.

Parameter F4y, is an indicator to influence the weight selection method used
on the generalization ability of the trained network. A value close to one indicates
that the FFANNA’s generalization is almost independent of the weight initial-
ization method used. On the other extreme, the value of zero indicates that the
generalization of the FFANNA is completely dependent on the weight initialization
method. The value of Fj4; somewhere between zero and one indicates some degree
of dependence on the weight initialization method. The degree of dependence is
proportional to the value of F4p. Next the parameter Fu is discussed.

The value of this parameter is an indication of the fraction of the training data
from the training set which is merely “memorized” by the trained network, but
their features are not learned for generalization. The value of zero or close to
zero is most desirable, and it indicates that the trained network has memorized
none or very few of the examples from the training data set. On the other hand,
Fn’s value one or close to one indicates that the trained network has memorized
all or most of the data, and hence, it classifies none or hardly any data from the
testing data set. It should be noted that the value of zero for parameter Fy

13
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may not mean that the trained network has generalized very well. To come to the
conclusion that a network has generalized very well, one requires to examine the
values of parameters F4r, Farr, and PRy also. An unacceptably large value of
Fnr indicates that there may be a problem with i) learning algorithm (or values
of the parameters associated with it), or ii) network architecture, or iii) (in very
few cases) the initialization method used.

Let us see some examples. Suppose a simple learning algorithm stores every
pattern presented to it in a table. During the classification of a new pattern,
it examines the table entries sequentially and classifies a pattern to a class only
if a perfect match is found. This learning algorithm obviously does not do any
generalization, and hence, if the testing data set is different from the training data
set, the value of Fiv; will be one.

The effect of network architecture may also be reflected by the value of Fyp.
For example, if one chooses a relatively large network for the set of patterns to
be learned, the network usually memorizes the patterns in this oversized network.
When this trained network is presented with a test pattern which is slightly different
from all training patterns, it is most likely to be classified incorrectly. The influence
of the initialization method may affect the value of this parameter in some cases,
but it is very unlikely to be so.

The parameter Fjsr, is an indicator of the influence of the initialization method
on the generalization ability. Note that its role is somewhat complementary to Fiur .
The small value of this parameter indicates that the initialization method has
very little influence. But a value close to one indicates a great influence of the
initialization method on the generalization ability of a trained network. However,
the influence of this parameter must be judged in conjunction with PR for the
reason discussed next.

The value of PRy, acts as a scaling factor for Firr to compute the contribution
of the generalization ability of a trained network. A smaller value diminishes the
contribution of Fjsr to the overall generalization ability, and a value closer to
one does not reduce the contribution to the generalization ability very much. We
believe that the parameters Fis;, and PRy are related to the local minima effect.
If the existence of local minimum for a problem does not affect the generalization,
the Firr, would be zero.

7. Conclusion

The parameterization of the generalization ability has provided us with a good tool
to obtain insight into the possible reasons for either generalizing or not generalizing
well. For instance, from Table IV we find that for the SSC-3 problem the fraction
of data that is always correctly classified is 0.655, that is, F4;, = 0.655; the fraction
of data that may or may not be correctly classified by any given network is 0.247,
that is, Farp = 0.247; and the fraction of data that is never correctly classified is
(1 —0.655 —0.247) = 0.098, that is, Fiyr = 0.098. This means that the features
of about 9.8% data is never captured by the network, and will always be classified
incorrectly. (Note that the existing method would find that the probability of
correct classification is 0.799, and from this, one could incorrectly conclude that
the training data set does not represent features of 20.1% of the testing data.) Thus
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one has to add new data representing features of the incorrectly classified data in
the training data set.
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