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Abstract: Dimensionality  reduction  is  an  important  problem  in  pattern  recognition. I n  
a  speech  recognition  system,  the  size of the  feature  set is normally  large in the  order of 
40. Therefore,  it is  necessary  to  reduce  the  dimensionality of the  feature  space  for 
efficient  and  effective  speech  recognition. Two popular  methods  to  reduce  the 
dimensionality of the  feature  space  are  Linear  Discriminat  Analysis  (LDA)  and 
Principal  Component  Analysis  (PCA).  This  paper  uses  the  Minimum  Error 
Classilication  (MCE)  training  algorithm  for  dimensionality  reduction  and  presents  an 
alternrltive  MCE  training  algorithm  that  performs  better on testing  data  than  the 
conventional  MCE  training  algorithm.  The  effects of the initial  value of the 
transformation  matrix on the  performance of MCE  have  also  been  studied. 

1. INTRODUCTION 

In a  speech  recognitlon  system, one tries to use  larger  feature  set to enhance  the  speech 
recognition  performance.  Although  the  addition  of  new  features  does  improve  the  accuracy 
of  speech  recognition,  not  every  newly  added  feature  has  the  same  contnbution  to  the 
improvement  of  the  speech  recognizer.  Some of them  may  not  contribute  at  all.  The 
increase in the  number  of the  speech  features  has  caused  other  problems. For example,  the 
recognizer  using  higher  dimension  feature  set  requires  more  parameters to characterize  the 
classifier  and  requires  more  storage.  Thus, it will  increase  the  complexity of computation 
and  make  its  real-time  implementation  more  difficult  and costly. Furthermore,  a  larger 
amount  of  data is needed for training  such  a  recognizer. To avoid  these  problems,  a  number 
of  dimensionahty  reduction  algorithms  have  already  been  proposed to obtain  compact 
feature  set. 

The  dimensionality  reduction  methods  can  be  grouped  into  two  categories:  feature  selection 
methods  and  feature  extraction  methods.  The  feature  selection  methods  select  the  features 
by  devising  a  figure of merit  that  reflects  the  goodness  of an individual  feature  in  the 
recognition  task.  The  F-ratio  (ratio  of  between-class  and  within-class  variances) is often 
used irl the  feature  selection  methods [8]. In  this  paper,  we  are  mainly  concerned  with  the 
feature  extraction  methods.  Feature  extraction  methods  reduce  the  dimensionality by 
projecting  the  original  feature  space  into  a  smaller  subspace  through  a  transformation. 
Linear  Discnmmant  Analysis  (LDA)  and  Pnncipal  Component  Analysis  (PCA)  are  two 
major  methods  used  to  extract  new  features [9, IO, 13, 151. In  practice,  LDA  performs 
better  than  PCA.  Recently  Minimum  Classification Error (MCE) training  algorithm  has 
been  studied in  improving  the  speech  recognition  performance [2, 4, 5 ,  12. 141. I n  this 
paper,  we use  the MCE algorithm  for  dimensionality  reduction. We study its performance 
and  propose  some  alternatives to improve  its  performance. 

2. LINEAR  DISCRIMINANT  ANALYSIS 

The basic  idea  of LDA is to  find  a  transformation  that  projects  the  raw  data to a low 
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dimensional space and makes the  ratio of  between-class variation and  within-class variation 
the large. In Fisher’s LDA, the transformation is defined in terms  of  a set of  D-dimenslonal 
orthogonal  vectors ul ,  u2, . . , ud, where d < D and D IS  the  dimension of  the feature space. 
The first vector, u,, gives the maximum  value of the  ratio of between-class and  within-class 
variances: 

Where W is  the  wlthin-class  variance  and 5 is  the between-class variance.  The  second 
vector, u2, is  chosen  to be hnearly  independent to u, and produce  the second  largest  ratio. 
Thls process  is  repeated until the  last vector, ud, is found. It can be shown  that  these 
vectors are the d eignvectors corresponding  to  the first d largest  eignvalues of  the  matrix W 
.‘B. Thus the LDA transformation  is given  by: U = [uI, u2, ... ud]. 

3. MCE TRAINING ALGORITHM 

The framework  of MCE algorithm was first proposed by Katagiri, et al.[l]. It is a type of 
discriminant analysis. It achieves  the minimum classification error by employing the 
gradient descent  method  using a loss function which is  a differentiable  function of 
misclassification  measure  defined  as a  close  approximation  ofthe actual  classification error. 
Thus, the MCE algorithm is  a more  direct  way to achieve the  minimum  misclassification 
rate than the conventlonal  discrimlnative  training  algorithms.  The MCE algorithm  can be 
described  as a three-step  procedure. A discriminant  functions g, (G: x)  is prescribed in  the 
first step. We usually  use a simple  Euclidean distance  to define the discriminant functions 
[3]. The  distance  frompth observation to class i is given by: 

where T is the transformation  matrix  with  rank d ( d 2 D ), D IS  the dimension  of the 
original data, p, is the mean  vector of class i. 

The  second step  is  to  introduce  the  misclassification measure in which we embed  the 
classification criterion in  the overall  mlnimum classification error formulations.  There  are 
many  ways to define  the  misclassification measure.  The  commonest one IS  as follows [2, 4, 

where g&@’, AJ, I = I, 2, ..., N, is a set of  discriminant  functions; .xip’ IS  thepth observation 
vector; N is the number of classes: A is the  parameter set of each class; < is a positive 
number.  One  extreme  case is when 4 approaches w ,  the misclassification  measure 
becomes: 

d , ( . r ’ P i ) = - g i ( x i p l r A ) + g , ( . ~ ‘ ’ ’ l , h )  (4) 

where class i has  the  largest  discrimlnant  value of all the  classes  other than class k .  The 
classification cnterion  embedded in this  definltion  is: dA (xo” ) < 0 means correct 
classification, di (xfy ’ )  2 0 implies misclassification.  The loss function is  then defined  in the 
third step  as a monotonic  function suitable for gradient  algorithms to smooth the 
misclassification  measure. Sigmoid function is usually  used in the  definition of the loss 
function  since it is  a smooth  zero-one  function  suitable for gradient algorithms.  The loss 
function  is given  as: 

The total loss function is defined as: 
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The  transformation  matrix  is  obtained  by  minimizing  this loss function  through  the  steepest 
gradient  descent  algonthm in whlch  the  parameters  at (k  + I)th Iteration  (such  as 
transformation  matrix.  means  and/or  variance)  are  computed  from  the  kth  iteration: 

q , ( k + I ) = T , ) ( k j - q - -  aL 

a7;, 

where q (q > 0 ) is the  adaptation  constant. 

4. AN  ALTERNATIVE MCE TRAINING  ALGORITHM 

The MCE algorithm  usually  provides fairly good  classification  results  on small data  sets 
with  few  classes  and  small  dimensionality  of  observation  vectors.  However,  when it is 
operated on a  data  set  with  a  large  number of classes  and  high  dimension, Its performance is 
not satisfactory  The  reason  of  failure  of  the MCE algorithm is that its classification 
criterion tries  to  minimize  the  misclassification  measure gk(x, A) -g,(x, A). When  using  the 
steepest  gradient  descent  algorithm  to  minimize  this  classification  measure,  we  hope  that 
g&, A) decreases  while g,(x, A) increases.  But  things do not always  work as we  expect. 
Since rhere is no  constriction on the  joint  behaviour  of g&, A) and g,(x, A), in many  cases 
when g ~ ( x ,  A) decreases, gi(x, A) decreases  too,  which  makes  the  training  process  inefficient 
or even  ineffective.  Therefore  minimlzing  the  mlsclassification  measure  does not always 
lead to good results of classification. To overcome  this  defect of conventional MCE 
algorithm,  we  present  a  new  definition  of  the  misclassification  measure,  which is defined  as 
follows: 

When  approaches -, the  new  definition  becomes: 

In this  definition  the  embedded  classification  criterion  becomes: dk(x"'') < 1 means  correct 
classification  and dk (xo" ) 2 I means  incorrect  classification.  When  using  the  steepest 
gradient  descent  algorithm,  the  partial  derivatives  of  the loss function  with  respect to the T 
and p are: 
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and 

5. CLASSIFICATION EXPERIMENTS 

5.1 THE RESULTS OF THE  MCE  ALGORITHMS  AND  LDA 
In this  section,  we  study  the  performance of LDA, conventional MCE and our new 
alternative MCE algorithm.  Deterding  vowel  database is used in this  classification 
experiment,  S'hich  has 1 1  vowel classes and each  vowel IS represented by a IO dimension 
vector.  The 1 1  vowels  used  in  this  database  are  listed in table 1 

Figures I and 2 show  the  results of the  three  algorithms  employed  on training and testing 
data  respectively. We denote  the  alternative  MCE in these figures as new MCE or 
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Figure 2 Recognition  Rate of the  Three Algorithm on Testing Data 
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MCE(new) and  conventional MCE as MCE(con). 

The  above  figures  show tha t  the  performance of new MCE in trarning  process is better  than 
the  other  two,  while the  conventional MCE does worse t h a n  LD.4. The  performance of 
both  the  conventional MCE and  the new MCE on testing  data IS better for most  sub-space 
dimensions than LD.4, except for dimension 3. Generally  speakmg, MCE can get a more 
generalized  model  than LDA. Figure 3 shows  how  new  MCE  works  better  in  training 
process  than  conventional MCE. The  tracks of a single  observation In the g, - gk decision 
plane  throughout  the  whole  training  process  conducted by conventional  MCE  and  new 
MCE tespectively  are shown i n  this  figure.  The  Y-axis is g,(x, A)  and  X-axis is gdx, A ) .  
0 is the  starting  point of the  observation  at  the  beginning  of  the  iterative  process.  The 
shaded  part  on  the  picture is the  failure  area of classification  and  the  other  part i s  correct 
classification  area.  The  dividing  line is gh(.u, A) - g,(x, A) = 0, 1.e. the  embedded 
classification  criterion. If the  points of a class are far from  the  failure  area, it means that 
this  class is far from the other  classes. i.e. the  separation  between it and  any  other  class is 
good. From  the  figure we  can see  that after 1'300 iteratlons  the  conventional MCE training 
moves the  point  closer to the  failure  area,  which  means  the  training  process is ineffective 
and  makes  the  separation  between  the  classes  worse.  On  the  contrary,  the new MCE 
training  process  moves  the  point  further to  the  failure  area  after  iteration.  Naturally  this 
training  process will lead  to  a  better  classification  result. 

Figure 3 .  The Tracks of a Single Observation in the g, - gc Decision Plane Moving 
Throughout the Whole Traminp Process by Conventional MCE and New MCE 

Figure 4.  Distributmns of the obrercatlons of each  class on the gi(x, A) - g8(x, A )  Decision Plane 
After 1000 iterations by conventional MCE and new MCE respectikely 
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Figure 4 shows the distributions of the  observations  of each  class  on the gdx, A )  - gi(.r, A) 
declsion  plane  after 1000 iterations by conventional MCE and  new MCE respectively. This 
figure clearly  shows  that  many  observations  are still in the  failure area with  the 
conventional MCE training  algorithm,  while  most  observations  move  to  the  correct 
classification  area  with  the  new MCE training  algorithm. 

5.2 THE  EFFECTS OF  THE INITIAL VALUE OF TR4NSFORMATION  MATRIX 

Despite  the  good results of MCE algorithms we achieved,  there  are st111 some  defects in 
MCE  training  algorithms  which  make  MCE not  effective in  some  sub-spaces,  such  as  the 
dimension 2 sub-space.  One reason  is  that MCE algorlthm  is  sensitive  to  the initlal value of 
the  transformation  matrix. In the  above  experiments  we  use  the unity matrix  or its sub- 
matrix as the  initial  transformation  matrix.  Although  the  models  we get from the training 
process  beginning  with  this initial value  work very well on  training  data, they  only reach 
the local maximum  since  the  number of training data is limited.  That is  why  the MCE 
algorithms do not obtain  much  better results on testlng  data than LDA. In this  paper we 
also tried another  initial  transformation matrix: which is obtained  from the LDA training 
process.  The results are  shown in Figures 5 and 6. In these  figures,  we  denote  the  trainmg 
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Figure 5 .  Recognition Rate of the LDA and MCE Algorithms with 
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Figure 6 .  Recognition  Rate of the LDA and MCE Algorithms with New 
Initial Transfonatlon Matnx on Testlng Data 
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process  beginning  with  the  initial  transformation  matrix  obtained  from  the  LDA’  as 
“MCE+LDA”. 

From  these two  figures, we  can  see that when  using  the  new  initla1  transformation  matrix, 
the  performance of the  conventional  MCE  algorithm  on  training  data  gets  better  than  the 
alternative  MCE  algorithm  and  the  results of both MCE  algorithms  are much  better  than 
LDA in all  lower  dimensional  sub-spaces.  Interestingly  the  alternative MCE algorithm  gets 
better  results  on  testing  data  than  conventional  MCE  algorithm.  This  means  that  the 
propcrty  of  generallzation of alternative  MCE  algorithm  is  better  than  conventlonal MCE 
algorithm. 

6. SUMMARY 

In  this  paper,  we  have  investigated  the  use of the MCE algonthm for dimensionality 
reduction.  We  have  also  proposed  an  alternative  criterion for improving  the  classification 
performance  of  the MCE algorithm.  Although  MCE  algorithms  achieve  better  results than 
LDA, their  recognition  scores on testing  data  are  not  satisfactory.  The MCE algorithms  are 
not  very  effective on certain  sub-space(s)  and  they  are  not  very  stable or robust.  Also,  the 
MCE  algorithm is sensitive to the  initial  value ofthe  transfornation matrix.  How to choose 
the  imtial transfornation matrix  to  make  the  MCE  algorithm  more  effective is still  a 
question  for  future  research. 
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