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ABSTRACT 

The aim of this paper is threefold: 

e To extend the Linear Discriminant Analysis (LDA) 
experiments presented at the ICASSP-92 to context- 
dependent models and speaker-independent large vo- 
cabulary continuous speech recognition. 

0 To compare two variants of using mixture densities: 
the state-specific modeling and the "monophone- 
tying" approach where densities are shared across the 
states relevant to the same phoneme. 

e To present results on the DARPA FUvl task for both 
speaker-dependent and speaker-independent parts. 

Using triphone models based on LDA and continuous mix- 
ture densities, significant improvements have been observed 
and the following word error rates have been achieved: for 
the speaker-dependent (SD) part, 7.8 % without grammar 
and 1.5 % with word pair and for the speaker-independent 
(SI) part, 17.2 % and 4.6 % respectively. These scores are 
averaged over 1200 SD or SI evaluation sentences and are 
among the best published so far, on the RM database. 

1. INTRODUCTION 

This paper describes some recent progress of the 
Philips large-vocabulary continuous-speech recognition sys- 
tem that has been adapted to and tested on the DARPA 
Resource Management (RM) task [l]. The characteristic 
features of the baseline system [2] are : 

A large-sized acoustic vector which includes f is t  and 
second-order time derivatives is used. This "slope- 
curvature" vector is not split into separate streams. 

The acoustic-phonetic modeling relies upon continu- 
ous mixtures of Laplacian densities. 

Viterbi criterion is used in training and recognition. 

Decoding proceeds time-synchronously in one pass. 

Significant improvements have been achieved by combin- 
ing linear discriminant analysis and triphone models, the 
word error rate being reduced by one fifth or more. For 
the speaker-independent application, this result has been 
obtained with a single linear transformation. To reach the 
best performance, a large number of mixture density com- 
ponents is needed. Therefore, two variants of continuous 

mixture densities have been investigated, namely, the state- 
specific (non-tied) modeling and the "monophone tying" ap- 
proach where all triphone states relevant to the same central 
phoneme share a common subset of densities. 
In the following sections, the main components of the sys- 
tem are described and experimental results are presented 
for both SD and SI parts of the RM task. 

2. LINEAR DISCRIMINANT ANALYSIS 

The basic idea of linear discriminant analysis (LDA) 
is to find a linear transformation such that the class sepa- 
rability is increased [3]. However, when applying LDA to 
speech recognition, a number of options are left open. In 
a previous study [4], three main levels of difficulties have 
been identified and given efficient solutions: 

What is the most appropriate class definition? 
Context-dependent phoneme states appear to be the 
most suitable choice among various possibilities. 

How are the speech data to be labeled in terms of 
these classes ? The class f i a t i o n  of each training 
pattern is automatically obtained as a byproduct of a 
standard HMM training done in the original space. A 
multiple-step training strategy is thus necessary [4]. 

Which original acoustic features should be considered 
and how many components should be retained after 
transformation ? The inclusion of time differences 
appears very important and moreover, adjoining sev- 
eral centi-second trames prior to the transformation 
leads to improved results. Consequently, three suc- 
cessive "slope-curvature" vectors have been taken as 
input to the LDA. The 35 f i s t  components have been 
retained in the transformed space. 

S. CONTEXT-DEPENDENT UNITS 

First, a particular treatment has been given to the func- 
tion words such as articles, prepositions etc. The lexicon 
has been therefore divided in two subsets, one including the 
most frequent short function words (SFW) and the other 
with all remaining words, to model separately the same 
contexts occurring in both lexical categories. Next, word- 
internal triphones have been chosen to capture the most 
relevant contextual influences. No across-word triphones 
have been considered, word beginnings and endings being 
treated as non-specific contexts. 
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For the present application i.e. the RM task, the lexicon 
(very similar to the one used in [5]) contains 991 entries and 
there are 46 base phoneme-like units not including silence. 
Triphones have been selected on the basis of their number 
of occurrences in the training script. Table 1 contains the 
main information about the phoneme inventory. 

SD Script : 

SFW Contexts 
# SFW Contexts 

Total Number 

600 Sentences, 5237 words 

2 5  134 
2 7 635 

# Occur. # "kiphones 

46 Mono~hones+769 'Prbhones 

SI Script : 

SFW Contexts 
& SFW Contexts 

I '  - I I 

I Total Number 11 46 Monophones+953 Triphones I 

2880 Sentences, 25,238 words 
# Occur. # Triphones 

2 22 164 
> 25 789 

Each word is represented by a linear sequence of 
phonemes that corresponds to its standard pronunciation. 
As the lexicon includes several abbreviations (like USA, C1, 
etc.), an optional silence has been inserted between the con- 
stitutive elements (letters or digits) of these lexical entries. 

4. ACOUSTIC-PHONETIC MODELING 

Each subword unit is represented by a three-state left- 
to-right HMM. Let 21, ..., zt, ...,zN be the time sequence of 
observation vectors and a = 1, ..., S be any state. 

4.1 Emission Probability Distributions 

The emission probability density function associated with 
each state 8 k assumed to be of the form [6]: 

K( 8 )  

q ( " t l a , @ . )  = w k , r  b k ( Z t l d , @ k , s )  (1) 

W k , a  = 1 I W k , s  20  I (2) 

&=l 
K ( d )  

k = l  

where each mixture component b h ( . l . )  is a unimodal 
density such as a Gaussian or Laplacian with parameter 
vector (e.g. mean and covariance), W k , n  are the mixture 
weights subjected to the stochastic constraints (2) and K ( r )  
is the number of component densities. In the current sys- 
tem, Laplacian-type densities have been implemented, the 
vector of absolute deviations being pooled over all states. 

4.2 Monophone Tying 

So far, it has been assumed that the component densities are 
specific to each HMM state. When using context-dependent 
units like triphones as shown in table 1, each CI phoneme 
gives rise (on the average) to about 50 HMM states that 

are treated separately. In order to reduce the number of 
component densities, some partial sharing of the mixture 
parameters called Umonophone tying" has been considered 
[7]. All states relevant to the same monophone (central part 
of triphone) are constrained to share a common subset of 
densities and are only discriminated through their weightm. 

Compared to the eemi-continuous HMM approach [8], 
where each state distribution resorts to the whole set of 
density components, monophone tying implies some a priori 
restriction. On the other hand, the weight matrix is no 
longer full but exhibits a sparse structure that can easily be 
exploited to reduce the number of non-sero elements by two 
orders of magnitude. It is then possible to keep a fably large 
number of densities without leading to a prohibitive number 
of weights. Thin compromise between acoustic resolution 
and number of free parameters is harder to achieve with 
the semi-continuous (fully tied) technique. 

6. LEARNING ALGORITHM 

The parameters of the system are trained with the 
Viterbi approximation, e.g. using the single best state se- 
quence. As a starting point, the training sentences are lin- 
early segmented into phoneme states and each mixture is 
initialised with a single Laplacian density. In the cowse of 
the training proccss, new density components are gradually 
introduced on a data-driven way to provide an improved 
statistical fitting of the data [2]. 

Two methods inherited from classification techniques [3] 
have been applied for estimating the mixture parameters. 
The one-to-one correspondence between observation and 
date,  as provided by the Viterbi approximation, k fully 
exploited. In particular, the number of observations ir. as- 
signed to any state 8 ,  k known after each time alignment. 
When applied to a mixture of continuous densities (Eqs. 1 
& a), the standard maximumlikelihood (ML) method leads 
to an implicit set of nonlinear equations that can only be 
solved iteratively starting from initial estimates : 

(3) 

where zt --t I I  means that observation zt has been-as- 
signed to state I during time-alignment and P(k(zt ,  a, On) 
is the ML estimate of the a posteriori probability of obser- 
vation z (  belonging to density k, computed with: 

This solution is a particular instance of the UExpecta- 
tion and M d s a t i o n "  (EM) procedure [9]. To reduce the 
computations, a common approximation consists in replac- 
ing the sum over the mixture components in Eq. 1 by the 
m 4 m u m  operation: 
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This amounts to neglecting the overlap between the com- 
ponent distributions and allows each observation to be al- 
located to only one particular density k. The ML estimates 
of the mixture parameters are then : 

NO GRAMMAR WORD-PAIR 
'SYS DELIINS W E R %  DEL/INS WER% 
S-1 1.810.95 9.2 0.40/0.3 2.0 
S-2 1.310.90 7.2 0.3510.2 1.6 
S-3 1.2/0.75 6.8 0.3010.2 1.3 

where kk.8 is the number of observations assigned to com- 
ponent k = 1, ... K ( s )  of state 8 in the "current" iteration. 

When mixture densities are used without tying, training 
proceeds by combining Viterbi alignment with the approx- 
imated mixture estimation (Eqs. 5-6). Since the resulting 
algorithm is very economical in both memory and compu- 
tational costs, it is possible to reach a very high acoustic 
resolution. Concerning monophone-tying, the total num- 
ber of Laplacians has been deliberately limited to a few 
thousand. The models are initialised by means of contut- 
independent HMMs and trained using Viterbi alignment 
coupled with the EM algorithm (Eqs. 3-4). 

6. APPLICATION to SD RM 

The Speaker-Dependent part of RM [l] comprises 12 
speakers (7 Males & 5 Females). The sampling frequency 
is 16 kHs. All parameters have been trained from the 600 
training sentences (5,237 words), including one LDA trans- 
formation for each speaker. The total number of HMM 
states is 3 * (769 + 46) = 2445 plus a silence model. Three 
systems have been considered differing in the observation 
vector and the mixture density modeling: 

1. NO-LDA, NON-TIED : System 1 uses a 33 compo- 
nent acoustic vector, without LDA. There are 12,000 
densities in total, i.e. 408,000 parameters / speaker. 

2. LDA, NON-TIED : System 2 differs from System 1 
only in LDA and has 432,000 parameters / speaker. 

3. LDA, MONOPHONE-TIED : the densities are now 
tied across monophones. There are 5,000 shared den- 
sities which amounts to 215,000 parameters. 

The three systems have been applied to and tuned on the 
development sentences, either without grammar (NG) or 
with the official word pair (WP). The test set perplexi- 
ties are respectively 991 and approximately 60. The same 
search parameters (beam threshold and word penalty) have 
been used for all speakers. Word error rates (WER) include 
deletions (Del), insertions (Ins) and substitutions (Sub). 

Table 2: SD System Comparison on Development Set 
(12 Speakers, 1200 Sentences, 10,242 Words) 

Some comments follow on the results of Table 2: 

0 System 1 achieves already good performance due to 
the high acoustic resolution of the mixture densities. 

0 System 2 clearly shows the improvement gained by 
LDA, the word error rates being reduced by one fifth. 

e The "monophone-tied" system 3 demonstrates fur- 
ther progress attributed to the somewhat smoother 
distributions provided by the EM algorithm. 

The final version of the recognirers has been run on the 
evaluation sentences. Table 3 summarises the results of the 
2 LDA-based systems and leads to the following conclusions: 

0 The "monophone tied" system 3 is consistently better 
particularly in the word-pair case. 

e Compared to the results obtained by other groups, 
the scores achieved by System 3 are the best reported 
so far for the SD-part of RM. 

Table 3: Evaluation of 2 SD Systems over 4 test sets 
(12 Speakers, 1200 Sentences, 10,288 Words) 

[ AVER. 11 8.3 I 7.8 11 2.0 I 1.50 

7. APPLICATION to SI RM 

All parameters have been estimated from the 3,990 
training sentences pronounced by 109 speakers. The acous- 
tic models have been trained separately for males and fe- 
males. Therefore, the training set has been partitioned into 
male (78 speakers, 2,830 sentences) and female (31 speakers, 
1,160 sentences) parts. One single LDA transformation has 
been used, the gender-dependent modeling concerning only 
the mixture parameters. During recognition, both male 
and female models are considered and the decoded word 
string with the best overall score is taken as the unique 
sentence hypothesis. The total number of HMM states is 
3 * (953 + 46) = 2998 plus a silence model, per gender. 

The February and October 89 test sets have been used 
for development purpose (600 sentences, 20 speakers). An 
important step consisted in applying LDA in a speaker- 
independent mode, based on one single transformation es- 
timated over all (M & F) training speakers. The figures 
in Table 4 clearly demonstrate the usefulness of LDA for 
speaker-independent recognition, the word error rates be- 
ing reduced by one quarter or more. Moreover, the influence 
of the acoustic resolution has been studied either by using 
still more densities or by tying a reduced number of density 
components across monophones. 
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Table 4: SI Development: Effect of LDA and Acoustic 
Resolution (Word Error Rates are in %) 

LDA? Tying? #densities 
NO NO 2*20000 
YES NO 2*20000 

NG-WER WP-WER 
23.6 6.5 

I 17.5 4.6 
YES 
YES 

In the No-Grammar case, both CD systems have 
achieved results that are among the best compared 
with those obtained by other research groups on the 
name task. System 2 in particular has produced the 
best performance so far, for this No-Grammar case. 

0 In the Word-Pair case, the results of both CD systems 
compare favorably with most approaches though they 
are not among the best reported. This could be due 
to the absence of across-word models. 

NO I 2*30000 17.0 11 4.2 
YES 1 2*7500 16.9 11 4.1 

By increasing the number of densities from 20,000 to 30,000 
for each gender, a small but consistent improvement is ob- 
served for the "non-tied" mixture system and this has been 
confirmed over all test sets. Concerning monophone tying, 
encouraging results have been achieved on the development 
set as similar recognition scores could be obtained with a p  
proximately 7,500 Laplacians. 

For evaluation, 3 LDA-based systems have been used: 

S-1 CI 
S-2 CD 

CI, NON-TIED: System 1 uses Context-Independent 
phoneme models consisting of 7,500 densities for each 
gender, giving a total of 540,000 parameters. 

CD, NON-TIED: System 2 uses Context-Dependent 
models with approximately 30,000 density com- 
ponents for each gender, representing a total of 
2,160,000 acoustic parameters. 

CD, MONOPHONE-TIED: System 3 uses mixture 
densities tied across monophones with 7,500 compo- 
nent densities per gender, about 675,000 acoustic pa- 
rameters including the mixture weights. 

1 

28.316.3 25.815.7 33.819.8 I 29.017.0 
17.0/4.2 15.3/4.3 19.4/6.0 I 17.2/4.6 

The first and third systems are based on the same number 
of Laplacians which allows to clearly observe the effects of 
tying. The results are summarised in Table 5 for the four 
SI evaluation sets, i.e. a total of 40 test speakers and 1200 
sentences, under the same conditions as before. 

Table 5:  SI Evaluation over 4 Test-Sets (10,288 W.) 
WER are given for the NG/WP cases in %. 

I SYSTEM F-089 I FEB91 I SEP92 11 AVER. I 

I S-3 CD+T 1 1  16.9/4.1 1 16.4/3.8 I 22.2/7.6 11 18.0/4.9 1 I1 I I I 1  

This SI evaluation leads to the following conclusions: 
The performance of System 1 is relatively low due to 
its coarse acoustic-phonetic resolution but provides 
reference values to evaluate the benefit of CD mod- 
eling and "monophonetying". 

As opposed to the SD experiments, the best SI results 
are obtained with the non-tied System 2, presumably 
due to a lack of acoustic resolution in the monophone- 
tied System 3 for this SI task. 

For the September-92 DARPA RM benchmark tests, the 
described systems achieved the smallest word error rates in 
3 over 4 cases (SD for both NG and WP and SI for NG). 
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