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Fig. 1: a basis constmctiûn of the 2-stages Buildins Leaming.

It is clear that simply applying the sa,me cla.sifier to the missc'lassifieation data
in the second stage ha.s no efiect on improvement of the recognition performa.nce.
Additional features are nded to improve the classification performance- As a new
feature for classification, we propos€ to use the value given by the misclassitcation
measure of the MCE/GPD learing. As a result of adding a new feature to the original
feature space, the misclassified date in the first stage are dealt in the new feature
space.Figure 2 shows an idea on giving new features. The propoeed 2BL can sohrc
the both problems sf dgclining the generalization performance and coæputatinally
expensiveness as overlearning.

5.2 Evaluation

In ca.se of two models based on input data and misclassification data., this s€etioû
describes the method to estimate two models eqnally.

The set of data can be classified into either clear zone or gray zon€ .rccording to
the distribution of data.

The clear zone is the area where the distribution of the sla'.I.s dafa has no overlaps
with others, whereas the gray zone is the area where the distribution overlaps with
others. Most of the Misclassified data exist in gray zone. It is difficult to evaluate
the two models produced together.

The evaluation process of 2BL is given as follows.

1. Calculate the miscla.ssification me:Éure of (2), and give a number of class to
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found data, ifit has aa value of found data is negative.

2. Find the mean value pr4 of each misclassification measure.

3. Decision Pararneter Q : #Df,=, u;, A > 2. P is the

number of data.

4. If Q > ù(x,Â;), class number of data decides i. Let reevaluate data in second
s t e p , i f S < d t ( x , & ) .

5. Let component of data add the value of misclassification measure as new fea-
ture.

6. Decide recoguition reillt used second model as class number of data-

The greater the value A takes, the nore the recogniti,on result depends on the
correct model. The smaller the value ,4 tah6, the more the recognition result
depends on $'rong model.

The discriminative learning such as the MCE / GPD learning bas an inclination
to adapt the parameters spaciûcally to the training data in order to ac'hive mini-
mum classification error. The proposed 2BL method is able to avoid declining the
generalization performance by reevaluating data around the decision boundary.

Some data decided correct in first evaluation have possibility to be decided fault
in seeond evaluation according to circumstances, if input data a,re evaluated by this
proposed evaluation.

But from figure 4, data in area A, B and C have possibility to be misrecognized
by the conventinal methods. On the other hand data in area C have possibility to
be correctly classified by the proposed method. Thus, recognition performânce as
a whole is expected to improve, even if some data are decided correctly iu the first
evaluation.

5.3 Decision Parameter Rule

This section describes how to determine the value of decision parameter Q : itt.
Let B : I so that Q: Bp,.

We, at first, calculate the average normalized within-class distance 7 as

1 P

1 : +D (+ - r(");t;(")-'(*o - p(")) (21)
r  o=L

ol2G)
o'2k)

ofl,

.  ,^91
"rl
o9\o)

f"i:l
1"r,,
L"fl

ç(c) -

306

(22)



:

; Training Boundary
i+ . . . . . . '

Fig. 4: reaôon of misevaluation.

o[? : nI@[ù - rlo16!'t - p?l] (23)

where the xn : (rtp,rep,- - -,xpp) denotes the pth training dzta, p@) denotes the
rnean ï€ctor of dass c, and X(") denotes the covariance matrix of class c.

{Jsing the distance n the paranoeter B is given by

B :#i;6, o ) o, s: r,2," ' ,n (24)

where C represents the number of classes, P" rcpresents the number of pattern
wtors usd i{ the s.tà model. In case that 7 ta.kes a big value and B is close
+fr P"Cf P"4, the distribution of each class probably overlaps with others. Hence,
furths impdation of rnisclæified data is inporbant to improve the elassification
performance.

6 Multi-stage Building Learning

This section describes Multistage Building Learning (MBL), an stension of the 2-
siage Building Learning (2BL). Figure 5 shows a basis construction of Multistages
Building Learning.

The MCE / GPD learning ha.s a problem of overle,arniug.
MBL incorporates the misclassification mfftsure into tàe feature vector space

used in the former stage. As a result, the dimension of feature space increases as
the stage progrcsses. On the other hand, the number of data given to the next stage
decreases. The stage-building process terminates when no more data remains for
the next stage.

Training data
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Fig. 5: a basis constructiion of Multistages Building Learning.

Let g1(:qÂ1) be a discriminant function with podtive value to discriminde
a data of clase Cx fuom the other classee, where rc, Â1, denote a veetor in D-
dimensional feature space and the set of parameter of the discriminant fuoc-
tion, respectively.

For each data with feature vector x, calculate the following misclassiûcation
mea.sure

d*(x) = -ek(rq n-l * 
[rï ,Hon,@n-,']

convergent decision

1 P M
Io(^) : ; I t e@.(+,,\))r(xo e cr)

r pel i=L

(25)

(26)

In ca.se of convergence, for each data x € RD that satisfies d;(x,Â;) > 0,
replace the x with a new vector xinBD+r in which the D + l-th elemeut of x
is ds(x,z\).

Repeat step 1 - 4 after giving misclassification data added new component to
next learning.
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6. Stop the procedure in case of s < M, where s denotes the number of transfered
data, M : the number of cla.sses.

It should be noted that, like the ca.se of 2BL, the training method used in the
last stage in MBL can be different from the MCE/GPD learning that is used in the
other stages.

7 Experiments

In order'ïo evaluate the classification performance of the proposed method, three-
layer feed-forward neural networks were employed. Since the MCE learning is com-
putationally expensive, the network was at first trained by the conventional error
back-propagation learning (EBP) that minimizes squared error given in (14), and
then the II4CE or mMCE learning was applied to the network.

In the experiments on real-world data, three data.sets of two-cla"ss problems,
"cancer", thouse" and "sonart'in the UCI Machine Learning Repository r from
University of California Irvine were used.

Table 1: Correct classifiça1ioa rate [%]

databa.se canceT house sonax
41r classes

f training data
S testing datâ
S attributes

$ hidden unit

2
a0
n9
I
12

2
265
170
15
72

2
141
67
60
t2

Bayes(ML)
NN(EBP)
NN(MCE)
NN(rnMCE)

Training
95.0
91.9
93.6
95.0

98.8
96.3
97.4
94.3

100.0
95.0
92.9
91.5

Bayes(ML)
NN(EBP)

NN(MCE)
NN(mMCE)

Test
95.7
90.3
94.3
95.7

96.4
96.5
95.3
97.7

74.6
82.7
85.1
89.6

Table 1 shows the experimental result for the four different learning algorithms,
Bayes+ML, NN(EBP), MCE and nMCE. Here, Bayes*ML dmotes the quadratic
discriminant functions in which single normal distribution with full-covariance ma-
trix is assumed for ea,ch category. It can be found that mMCE gives the best classifi-
cation performa^nce on each testing set. Compared to the performance improvements

of nachine learning database, lgg6.
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of the loss ftrnctions fu, L and penalf function F in terms

from IVICE to 6MCE for the traiuing set and testing set, the inprovement on test-

ing set is larger than that of the training set. This certiûes that the employed

pÀ*ty term àf (23) is effective for improving the generalization performance of the

recognizer.
Èg- 6 shows the learning curves of the MCE loss frrnction .Lq. the penalty function

F and the mMCE's total loss function I in (21).

Fig. 8 shows the correct classification rates in terrns of the parameter { in (5).

Although { influences the correct rate, mMCE perbrms better than MCE for any

value of {.
The relationship between the para.meter 7 in (21) and the correct ciassification

rates on the test set "house" is shown in Fig. ??. It can be found in the figUre that

choosing the proper value of 7 is crucial to get good genenaralization-

Another recognition experiment wa.s conducted on a speech database of Japanese

five vowels. The speech data of each vowel were extracted from the ATR contin-

uous speech database (B-set) according to the phoneme transcription given to the

database. Among the data of six male subjects, the data of four subjects (msh,

mmy, mht, mho) wa.s used for training, and the data of the remained subjects (myi,

mtkl was used for testing. Table 2 shows the experimental results on the speech

databa^se.
It ca"n be seen in the table that nMCE shows better generalization performance

than MCE.
For the performance evaluation on real-world problem, three data.sets of two-

classes problem, "cancert', "houset and 'bonartt in the UCI macthine Learning repos-
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faHe A Correct classification rate for Japanese b vovæls

fl classes

I training data

I testing data

I attributec

I hidden wits

5
4000
1000
12
12

Beges(ML)
NN(EBP)
NN(MCE)

NN(mMCE)

training
E6-3 Yo
89.0 %
8e.0 %
8E.1 %

Bases(ML)
NN(EBP)
NN(MCE)

NN(InMCE)

t€st
79.3%
E3.1 %
87.7 %
9A.4%

itory 2 from University of California lrviræ were used.

Table 3: Recognition rate for ucl machine learning databases(unit: %)

2c.J.Marz and P.M.Murphy. ucl repository of machine lea,rnin8 databasee, 1gg6

I clasees

Ë train-
ing

B teet

fl hidden
rmits

2
265

170
15
t2

98.6
98.6
100.,
100.

NN(EBP)
NN(MCE)

312



Table 3 shows the experimental results for the four different learning methods,
Bayes(ML), Error Back Propagation learning (NN(EBP)), MCE, 2BL and 2BLno.
Bayes(ML) denotes the quadratic discriminant function in which single normal dis-
tribution with full-covariance matrix is a.ssumed for each category. 2BLno is same
with 2BL excepting that the step of adding a new feature to the original feature
vector is discarded. Both 2BL and 2BLno use the MCE / GpD learning in the
first stage and the second stage. It can be seen that 2BL and 2BLno give good
classification performance on each testing set. Specially, 2BL gives very good clas-
sification performance on 'sonar". It can be said that the misclassification measur€
is effective to improve the classification performance. especially for the ca.se when
the dimension of the feature is smaller enough than the number of data.

I classes
f training data
$ testing data
I attributes

I hidden units

26
6238
1559
617
32

NN(EBP)
NN(MCE)
NN(28L)

training
99.39 %
96.94 %
99.94 T

NN(EBP)
NN(MCE)
NN(zBL)

test
94.29 %
95.45 %
e5.e6 7ô

Table 4: Recognitioû rate for UCI machine learning database ,,Isoletn

Learning Method Time ratio object/McE
NN(EBP) 24180 sec 0.935
NN(MCE) 25860 sec 1.000
NN(LBL) 16320 sec 0.631

ïable 5' fteining time for UCI mâÆhhe learning database "Isolet"

Table 4 shorrs the experimerbial results of multiclass problem for the three differ-
ent learning algorithms, NN(EBP), MCE and 2BL. Table 5 shows the computation
time of training for the dataset "Isolet". lFrom these ræults, it can be sem tÀat
2BL gives both the best test-set recognition performance and fastest learning speed.

Table 6 shows the experimential results used speech database ofjapanese
five vowels a"s real-world data. The speech data used in this experiment consists
of cutting speech sections of five vowels based on inspected labels from six spe a

kers in ATR speech database (B-set). Training data consists of speech data from f
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I classæ
fi training data
fl testing data
I attributes

$ hidden units

5
4000
1000
t2
12

Bayes(ML)
NN(EBP)
NN(MCE)
NN(LBL)

training
86.3%
89.0 %
89.0 %
89.4%

bayes(MI')
NN(EBP)
NN(MCE)
NN(zBL)

test

79.3 %
83.r %
87.7 %
88.2 %

Thble 6: Recognition rate for 5 vowels speech data from japanese speakers

our speakers (msh, mmy, mht, mho), and test data doee of speech data from two sp
e a,kers (myi, mtk). It can be seen in the table that 2BL shows the best recognitio
n performance of all methods.

E Conclusisn

Improvement of generalization performance of the Minimum Classification Error
(MCE) learning was proposed by employing a regularizer to the objective func-
tion. Three-layer feed-forward neural networks were emplolæd to demonstrate the
efiectiveness of the proposed method. Compared to the original MCE learning, the
proposed mMCE learning showed better recognition performance on testing data
while it showed comparable performance on training data. This implies that the
proposed regularizer is effective for improving the generalization performarrce of the
recognizer.

Since the weight parameter 7 for the penalty function was heuristically deter-
mined in the experiments, further investigataion should be taken in order to develop
a criterion for determining the parameter.

Thereto, 2-stage Building Learning (2BL) and Multi-stage Builrting Learning
(MBL) were proposed. Both methods consists of more than one recognition models
by using misclassification mea.sure. The three.layers feed-forward neural networks
were employed to demonstrate the effectiveness of the proposed 2BL. Comparing
with other learning methods, the proposed methods shows generally good recogni-
tion performance for test data than that for training data. Specially It could be
found that the proposed method give high recognition performance for hard cla,s-
sification data in ca.se of using other learnng methods. It is conceivable that one
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of reason to give high recognition performamce is to employ the miscla.ssification
measures as n€w features for few elements.

There is a method to decide to stop learning well-timed in previous step as
one of problems to be solved from these experiments. If the the learning process
of the previous stage stops very early the model can not have good recognition
performance. on the other haud, if it takes much time to converge, the proposed
method is computatinally expensive and has a possibility of overlearning.

So we have to establish a criterion to stop the learning in previous step. This
problem ca.n be solved by using mMCE to the last learning stage of MBL.

Authors wish to thank Dr Gunner Riitsch and Dr Kanad Keeni for
diacussions in preparing tùe form of the paper

References

[1] Biing-Hwang Juang and Shigeru Katagiri, "Discrimiaaiive Leaning for Miaimum
Error Classification",IEEE Transaction on Signal Processing, Vol.40, No.12, De-
cember, (1992).

[2] S. Amaxi, "A theory of adaptive nattern clessifers', IEEE T]ans- EC, VoI.16.
pp.299-307, (1967).

[3j Eric McDermott and Shigem Katagiri, "Prototype-based minimum classifica-
tion enor f generalized probabilistic desent training for rmrious speech units",
Computer Speech,urd Langpage, pp.351-356, August, (1994).

[4] W. Chou, GH- Iæe and &.H. Juang, uMiaimum Error Rate Training of
Inter-word Context Dependent Acoustic Model units in Speech Recognition',
Proc. ICASSP94 II, pp.652-655, (1994).

[5j Biing-Hwang Juang and Wu Chooud and Chi+Hui Lee, uMinimum Clossifica-
tion Error rate methods for speech recognition", IEEE ta.ns. SAP, b(g), pp.%T-
265, (1997).

[6] A-N.Tikhonov and v.Y.Arsmin, "solutions of trl-posed prot{ems",
V.H.Winston, (1977).

F] A.N.Tiehonov and A.v.Goncharsky and V.V.stepanov and A.G.yagora, uNu-
merical Methods for the Solution of ill-posed Probrems", Kluwer Academic Pub-
lishers, (1990).

315



[8] christopher M.Bishop, "curvature-Driven smoothing: A Learning Algorithm
for Feed-forward Networks", IEEE tansactions on Neural Networks, vol.4, No.b,
pp.882-884, (1993).

[9] Christopher M.Bishop, "Neural Networks for pattem Recognition", o:dord Un!
versity Press, (1995).

l10J H. Kuwahara et al., 'construction of a large-scale Japanese speech database
and its management systeû,', Proc. ICASSp-89, pp.560-b63 (1ggg).

3r6




