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Abstract
In the tandem feature extraction scheme a Multi-Layer
Perceptron (MLP) with softmax output layer is discrimi-
natively trained to estimate context independent phoneme
posterior probabilities on a labeled database. The out-
puts of the MLP after nonlinear transformation and Prin-
cipal ComponentAnalysis (PCA) are used as features in a
Gaussian Mixture Model (GMM) based recognizer. The
baseline tandem system is trained on 56 Context Inde-
pendent (CI) phoneme targets. In this paper we examine
alternatives to CI phoneme targets by grouping phonemes
using apriori and and data-derived knowledge. On con-
nected digit recognition task we achieve comparable per-
formance to the baseline system using fewer data-derived
classes.

1. Introduction
In the tandem feature extraction scheme a MLP is used as
feature extractor [1, 2, 3]. The MLP is trained with soft-
max nonlinearity in the final layer and one-from-N target
coding scheme to estimate posterior probabilities of tar-
get classes. During forward pass the softmax activation
function is replaced with linear activation to obtain fea-
tures that are close to Normal distribution. The features
are further processed by Principal Component Analysis
(PCA) to decorrelate and to optionally reduce the dimen-
sionality and are fed to HMM. We used Context Inde-
pendent (CI) phoneme classes as targets in our earlier
work [1, 2, 3]. Figure 1 shows a block diagram of the tan-
dem feature extraction scheme. The focus of this paper
is to investigate the alternatives to (CI) phoneme targets.
In [4] the MLP is trained to discriminate between Hid-
den MarkovModel (HMM) states of whole word HMMs.
They observed that the performance did not change a
lot compared to phoneme targets. In a similar approach
[5] neural networks are trained to map short-term spec-
tral features to the posterior probability of distinctive fea-
tures. They used 60 distinctive features comprising ar-
ticulatory features [6] , plus some broad phonetic classes
as targets. Using 44 CI phoneme targets they obtained
better performance than the distinctive features on a large
vocabulary task.
Motivation for this work is to find smaller set of

target classes than CI phoneme classes. This results
in smaller set of features and fewer parameters in the
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classifier. The dimensionality of the feature vec-
an be reduced using PCA without changing the
er of classes. Another method is to cluster the
me classes. Clustering using prior knowledge such
iced/unvoiced and vowel/consonant results in broad
ory targets. We do not know whether this is an op-
way of clustering. A more structured approach is
riven clustering.
ext section explains the various target classes we in-
ated in this paper and how we obtained them. Sec-
provides the details of experimental setup and re-
Finally, section 4 discusses the observations and
usions from this work.

2. Target class definition
I phonemes optimum targets for tandem feature ex-
on? Since we use a nonlinear and complex HMM
fier with multiple states and Gaussians, we may not
re the MLP to discriminate among all the classes.
art with ICSI56 phoneme set. We try four clustering
ds to reduce the number of classes, 1) using apri-
owledge to cluster the phonemes to broad phonetic
ories 2) decision tree based clustering [7] 3) data
n clustering of phoneme models [8] and 4) Mutual
ation (MI) based clustering to reduce the phoneme
sions.

Broad phonetic categories

luster CI phonemes based on their phonetic proper-
obtain seventeen broad phonetic categories. The
ories are front vowels, central vowels, back vow-
etroflexes, diphthongs, voiced plosives, unvoiced
es, nasals, flaps, voiced fricatives, unvoiced frica-
affricates, glides, voiced closures, unvoiced clo-
, syllabics and silence. Table 1 shows the grouping
onemes into broad phonetic categories. By training
P on these targets we are extracting phonetic “fea-
.

Data derived classes

cting features based on hardwired phonetic at-
es may not be optimal for classification of
mes. There are many approaches in literature to
e data from classes using clustering techniques.



Broad phonetic category Phonemes
front vowels iy, ih, eh, ae
central vowels ix, ux, ax
back vowels uw, uh, ah, ao, aa
retroflexes er, axr
diphthongs ey, ay, oy, aw, ow

unvoiced plosives p, t, k
voiced plosives b, d, g
nasals m, n, nx, ng
flaps dx

unvoiced fricatives f, s, th, sh, hh
voiced fricatives v, dh, z, zh
affricates ch, jh
glides l, y, r, w

voiced closures bcl, gcl, dcl
unvoiced closures pcl, kcl, tcl
syllabics em, en, el
silence h#, q

Table 1: Grouping of phonemes into broad categories.

2.2.1. Decision tree based clustering

Here phoneme models are clustered using a phonetic de-
cision tree [7]. A phonetic decision tree is a binary tree
with yes/no questions attached to each node. We use
HTK [9] to build the decision tree. Initially the 56 CI
phoneme are modeled using single state, single gaussian
models. Each phoneme is renamed to have the same cen-
tral phoneme. For example phoneme “aa” is renamed as
“aa-phn+aa” and phoneme “p” as “p-phn+p”, so that all
phonemes are placed in a single cluster at the root of the
tree corresponding to the central phoneme “phn”. The
decision tree asks whether the phoneme to the left/right
of the central phoneme is in a certain set, e.g. “Is the
phoneme to the left or right a plosive?”. Typically a lin-
guist expert derives the questions sets. Examples are:
“Vowel”, ”Fricative” , “Stop”, etc. The question that
gives the maximum increase in log likelihood is chosen at
each node. This process is repeated until the increase in
log likelihood falls below a specified threshold. We vary
the number of classes from two to fifty five by chang-
ing the threshold. Figure 2 shows an example of splitting
classes using decision tree. Broad phonetic categories are
a special case of classes obtained using decision tree clus-
tering.
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Figure 2: Example of a phonetic decision tree.

. Data driven clustering of phoneme models

lly all the phoneme models are placed in individual
rs. Here again the phonemes are modelled using
e state, single gaussian HMM. The pair of clusters
h, when combined, would form the smallest resul-
luster are merged. This process repeats until the
er of clusters have reached the specified number.
ize of the cluster is defined as the greatest distance
een any two phoneme models. Euclidean distance
een the class conditional means weighted by the in-
of the variance is used as the distance metric. We
TK to implement the clustering.

. Mutual information based clustering

a hybrid HMM/MLP [10] is trained to estimate
honeme posterior probability using the manually la-
d training data. Using the frame level phoneme clas-
tion results on the training data a confusion matrix
tained. A confusion matrix (CM) is a matrix of hits
isses for all phonemes. A joint Probability Distri-
n Function (PDF) is estimated from the confusion
x by dividing each element in it with the total num-
f phoneme segments. We compute the Mutual Infor-
n (MI), � � � � � 
 between the feature vector � and
eme � from the joint PDF. � � � � � 
 is the reduction
certainty of the phoneme � due to the knowledge of
1]. The pair of phonemes which, when combined,
d result in the maximum reduction in � � � � � 
 are
ed to form new classes. For example, ”em” and “en”
erged in the first step to form a new class “em en”.
Speech
Signal     (MLP)

Sequence
of words

Viterbi

likelihoods

PCA GMM/HMM
Neural Net

Word/subword

delta + delta delta
PLP Cepstra +

Pre−nonlinearity
outputs

Figure 1: Block diagram of the tandem feature extraction scheme.



Feature WER (%)
PLP Cep+ � + � � 6.2
Baseline Tandem 5.7

Table 2: Word Error Rates (WER) on connected digit
recognition task.

The process is repeated until all the phonemes are paired.

3. Experiments and Results
We used two databases in our experiments. One is the
English part of OGI Stories database [12]. It is approxi-
mately 3 hours of hand-labelled speech data. It is labelled
by ICSI56 phoneme set. This is used to train the MLP
and in deriving new categories from data. The other is
the database on which recognition is performed, namely,
OGI Numbers database. It contains ten continuous digits
in utterances varying between one and seven digits, la-
belled by twenty-three phonemes. The database is split
into approximately 20000 digits for training and 12000
digits for testing. Note that all the clustering schemes are
performed on a database independent of the final recog-
nition task.
Baseline tandem system is trained on ICSI56 CI

phonemes. Input to the MLP is nine frames, four frames
from past and four frames in future, of 8 PLP cepstral co-
efficients, 8 delta and 8 double delta features (24x9=216)
after utterance based mean subtraction. Phoneme label
corresponding to the center frame is used as the target
class. MLP has 216 input units, 500 hidden units and 56
output units.
The single state, single gaussian HMMs used in clus-

tering are trained on 8 PLP cepstral coefficients, 8 delta
and 8 double delta features. After clustering the classes
using the aforementioned techniques, the CI phonemes
are mapped to the new classes and an MLP is trained on
each of the new classes. Each MLP has same number of
input and hidden units as the baseline system, only the
number of output units vary from two to fifty-five.

3.1. Results

Connected digit recognition experiments are performed
on OGI Numbers database. The 23 context independent
phonemes are modelled using 5 state left-to-right HMMs
with 3 Gaussians/state and diagonal covariance matrix.
Table 2 gives the Word Error Rate (WER) for 8 PLP cep-
stral coefficients, 8 delta and 8 double delta features after
utterance based mean subtraction and the baseline tan-
dem system.
Figure 3 shows the WER for various clustering

schemes and different number of classes. It can be seen
that WER rolls off much faster with increasing number
of clusters using MI based clustering than decision tree
based clustering and data driven clustering of phoneme
models. The WER for MI based clustering saturates at

29 cl
comp
of 5.5
tree-b
contin
This c
mode
drive
(beca
based
trix. T
erate
gauss
nents
tion is
matri
comp
gorie
the m
MI th

T
broad
tained
target
ods th

0
5

10

15

20

25

30

35

40

45

50

55

W
E

R
 (%

)

Figur
ing sc
Number of classesPhoneme model
12 24 36 48

HMM-1 state 10.1 8.7 7.6 6.3
HMM-3 states 7.6 6.8 6.2 5.9
MLP 7.1 6.4 6.0 5.7

Table 3: Results of MI based clustering.

asses, the WER=6.0% (not statistically significant
ared to 5.7% at 95% confidence). The best WER
% is obtained using 34 categories. The WER for
ased and data-driven clustering of phonememodels
ues to improve with increase in number of classes.
ould be attributed to the complexity of the phoneme
ls used in clustering. Both tree based and data
n clustering use single state, single gaussian model
use of the limitations of the software), where as MI
clustering use aMLP to generate the confusionma-
o verify this we trained two sets of HMMs to gen-
phoneme confusion matrices. A single state, single
ian model and three state, eight gaussian compo-
per state model on OGI stories. Phoneme recogni-
performedon training data and phoneme confusion
x is obtained as explained in section 2.2.3. Table 3
ares the WER obtained for 12, 24, 36 and 48 cate-
s obtained using HMM and MLP. It can be seen that
ore the complexity of the model used in estimating
e better the WER.

able 4 compares the performance of seventeen
categories with the same number of classes ob-
using MI based clustering. It shows that “better”
categories can be obtained using data driven meth-
an grouping based on phonetic properties.

10 20 30 40 50 60
Number of classes

MI
Tree
Data driven

e 3: Word Error Rates (WER) for different cluster-
hemes and number of classes.



Clustering method WER (%)
Broad categories 8.1
MI based 6.9

Table 4: Word Error Rates (WER) on connected digit
recognition task for seventeen categories obtained by MI
based clustering.

Clustering WER (%)
Random-1 10.9
Random-2 12.4
Random-3 12.5

Table 5: Results using random clustering of phonemes.

3.1.1. Random clustering

To test whether it is the “meaningful” clustering ap-
proach that is providing the improvement, we cluster the
phonemes randomly. A random number generator pro-
duces the indices of phonemes to be grouped. We gener-
ated three different random mappings to reduce the num-
ber of classes to seventeen. As shown in Table 5 theWER
increases.

3.1.2. PCA versus clustering

The number of features can be reduced using PCA. We
reduce the dimensionality of the baseline tandem features
from 56 and compare the results with same number of
classes obtained using MI based clustering. From Table 6
it can be seen that the performance of clustering is supe-
rior to PCA. This shows that clustering retains more in-
formation for discriminating among phonemes than PCA.

4. Conclusions
The choice of CI phonemes as target classes for MLP is
arbitrary. We have investigated alternative target defini-
tions by grouping phonemes based on different clustering
schemes. The MLP is trained on these new target classes.
Grouping phonemes to reduce the mutual information be-
tween classes and features based on the phoneme confu-
sion matrix has shown promising results. We have ob-
tained performance comparable to 56 CI phoneme targets
using 34 data derived classes. This results in a classi-
fier with fewer parameters without sacrificing the perfor-

Number of features
12 24 36 48

PCA 7.2 6.8 6.4 5.9
MI 7.1 6.4 6.0 5.7

Table 6: PCA vs. MI based clustering.
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