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Abstract 

This paper presents a technique and experiments on choosing 
a set of mixed-duration modeling units representing language-
specific phonetic details based on the analysis of available 
training data. A case study for Lithuanian speech recognition 
is presented. Lithuanian language defines the following major 
phonetic features: linguistic stress, consonant softness, vowel 
duration, and compound phones. Also, syllables or words 
could be chosen as modeling units. Incorporating all linguistic 
features into base phone set or using syllable models explodes 
the number of triphones used for accurate acoustic modeling. 
Therefore only those phones with phonetic features that have 
enough training samples are defined as separate phonetic 
units. The next problem is the choice of appropriate model 
complexity, which also depends on the available training data. 
Simple algorithms are proposed for forming dynamic base 
phone set and choosing complexity for separate models. 
Experiments on 10 hours of prepared speech from Lithuanian 
Radio news are conducted and indicate that the proposed 
modeling methodology allows significant improvement of 
recognition accuracy. 

1. Introduction 
Majority of modern continuous speech recognition systems 
are usually based on statistical Bayes framework which is 
summarized by the following formulae: 

P(W|A) = P(A|W) × P(W)  (1) 
We can separate the ongoing research into acoustic modeling, 
i.e. modeling the P(A|W) component, and language modeling, 
i.e. modeling the P(W) component. In this paper we address 
acoustic modeling issues. Acoustic models can be customized 
by choosing various parameters: appropriate acoustic feature 
vector, the set of modeling units, topologies of models, 
modeling of feature distribution functions for HMM states, 
and model complexity. Although all of the issues are 
important, we have chosen to discuss the choice of modeling 
unit set. Modeling units are usually chosen according to the 
phonetic units – words, syllables, and phones. Longer duration 
units are usually more accurate, but they suffer from training 
problems – it is not practical to prepare enough training data 
for appropriate training of word models in large vocabulary 
continuous speech recognition systems. Thus, the traditional 
choice of modeling units is the phone set defined by linguists. 
However, for some languages syllable models are effective 
because the set of syllables is not large, e.g. there are about 50 
pitch-sensitive syllables in Japanese, and 1.200 in Chinese. 

English has over 30.000 syllables, thus this approach is not 
suitable [1]. However, several experiments in modeling 
mixed-duration modeling units for English was performed and 
indicated promising results – a small improvement of word 
error rate (WER) for continuous speech and a significant 
improvement of name recognition [2], [3]. The fundamental 
idea of this approach is to model just the most frequent 
syllables that have enough samples in training data, combine 
them with phonemes for forming base phone set (BPS), and 
then derive contextual modeling units. Lithuanian defines 
several thousand syllables, thus the approach of pure syllable-
based systems is not suitable. Some preliminary experiments 
of modeling mixed phonetic unit sets including syllables were 
performed but no sound conclusions were made. Thus it 
remains an important question whether including syllable 
models can improve Lithuanian speech recognition. It is also 
important to choose appropriate BPS for deriving contextual 
models. Questions of whether to include lexical stress and 
other phonetic information were investigated experimentally 
for various languages with rather controversial conclusions 
being drawn [4], [5], [6], [7], [8]. 

2. Acoustics of Lithuanian 
Lithuanian is considered to be the most archaic Indo-European 
language. It possesses features that are difficult to address 
applying standard speech recognition methods. The review of 
Lithuanian language properties that are relevant to speech 
recognition is presented in [9]. Phonetic features – phone 
duration, softness, diphthongs, assimilations, and specific 
lexical stress system – need to be addressed in acoustic model. 
Analysis of Lithuanian phonetics is important for choosing 
acoustic modeling units. Usually, the phones serve as basic 
modeling units for acoustic model in speech recognition 
systems. Unfortunately, there is no standard Lithuanian phone 
set. Thus the speech recognition researchers have no standard 
way to choose uniform basic units for acoustic modeling, 
which complicates comparison of the results of independent 
experiments. Lithuanian also has a specific lexical stress 
system. A stressed syllable may have a rising pitch called 
circumflex, or a falling pitch called acute. The rising pitch 
stress can also be short or long. For inflective parts-of-speech 
the stressed syllable and lexical stress type may change 
according to inflection. The lexical stress may be critical to 
discriminate two words, e.g. “šáuk” (Imperative of verb 
“shoot”) and “šaũk” (Imperative of verb “shout”) are 
discriminated only by the difference between rising and 
falling pitch stress. Therefore lexical stress information needs 
to be incorporated both into pronunciation vocabulary and the 
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set of phones used as the basis for acoustic modeling units. 
Lithuanian phones have some additional features as well. 
Some pairs of vowels are considered as a single unit, 
diphthong, and some vowel-consonant pairs are also 
considered as a single unit, mixed diphthong. The lexical 
stress in diphthongs and mixed diphthongs may fall either on 
the first or second component. There is a question whether the 
diphthongs and mixed diphthongs should be modeled as single 
models or should be decomposed in speech recognition 
systems since some of them, especially stressed mixed 
diphthongs, may be rather rare. Lithuanian vowels may be 
short or long in duration, which also needs to be reflected in 
models. Lithuanian consonants can be soft or hard depending 
on the following vowels and consonants. The softness of 
consonant is determined by its nearest context phones in most 
cases, thus it remains a question whether it should be directly 
modeled in the BPS or indirectly modeled by the phone 
context information in contextual models. 
The aim of this paper is to propose a technique for forming a 
mixed acoustic modeling units set and based on phones, 
syllables, and incorporating significant phonetic features and 
validate it in experiments. 
 

3. Technique for Choosing Modeling Units 
The structure of the standard statistical Bayesian 

framework is represented in the figure 1. A detailed 
description of this framework works is available in [10]. 
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Figure 1 – Continuous speech recognition framework 
used as foundation 

We will focus on the upper part of the diagram, which 
represents the acoustic modeling part. The following modules 
are introduced as extensions of the standard Bayesian 
framework for HMM-based continuous speech recognition in 
order to support proposed methodology for forming mixed 
modeling unit set and choosing complexity for each model:  

1. Frequency analysis module, which counts 
training samples for various phonetic units; 

2. Syllabication module, which forms syllabic 
pronunciation from available phone 
pronunciation dictionary; 

3. Transformation module dedicated to transforming 
pronunciation vocabulary, training data 
transcriptions, and acoustic models. 

The structure of the modified system is presented in the 
figure 2. Newly created computation modules are denoted as 
black boxes, standard computation modules as white 
rectangles, computed artifacts (models, vocabulary, 

transcriptions) as grey rounded edge rectangles, and the speech 
corpus, which was also newly created, as a black data store 
symbol. 
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Figure 2 – The proposed acoustic modeling additions 
to the speech recognition framework 

Two major algorithms are applied in the Transformation 
module. Both of them are based on the counted numbers of 
training samples for each modeling unit (phone or syllable). 
The first algorithm was introduced for deriving an efficient 
phone set from the primary phone set including all linguistic 
annotation: stress, consonant softness, mixed diphthongs and 
affricates. The second algorithm was introduced for including 
the most frequent syllables into base phone set. The values of 
thresholds Tp and Ts have to be chosen experimentally. The 
simplification vocabulary Vf was formed so that the linguistic 
features were removed recursively in the following order: 

1. Split mixed diphthongs and affricates; 
2. Remove softness annotation; 
3. Remove lexical stress annotation; 
4. Remove vowel duration annotation (not 

investigated in previous experiment). 
The efficiency of the proposed algorithms has to be 

validated experimentally. 

Table 1 – Sample excerpts from phone simplification 
vocabulary Vf 

Original 
phone 

Simpler 
phone 

Explanation 

a0r' a0 r' Mixed diphthong is split into two 
separate phones 

r' r Softness annotation is removed 
a0 a Lexical stress annotation is 

removed 
a: a Vowel duration annotation is 

removed 
a a Phone cannot be simplified 
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Algorithm 1 – Deriving efficient phone set by rare 
phone simplification 

1. Define primary phone set with complete linguistic 
annotation },...,{ 1 RffF = . 
2. Define phone simplification vocabulary indicating 
what simpler phone can be used for each phone: 

}}',...,'{,,...,}',...,'{,{ ,11,,11,11 1
><><=

RNRRNf ffffffV . 

3. Calculate >< ii Kf , , phone training samples. 
4. Recursively derive simplified phone set F’ 
performing the following actions while there are no 
phones applicable for simplification: 

4.1.  Calculate the average number of phone 

samples ∑
=

=
P

i
iK

P
m

1

1 ; 

4.2.  Define threshold Tp dependent on the average 
m, such that phones with training samples less than 
Tp are applicable for simplification, e.g. 

10
mTp = ; 

4.3.  In pronunciation vocabulary change all 
phones if  with 

pi TK < to their simpler substitutes 

from simplification vocabulary Vf and update the 
affected phone frequencies >< ii Kf , ; 
4.4.  Remove phones if  with 0=iK . 

Algorithm 2 – Including frequent syllable models into 
BPS (BFS) 

1. Recognition vocabulary },...,{ 1 LwwW =  is formed, 
where L – vocabulary size. 

2. BPS },...,{ 1 RffF =  is chosen, where R – the size of 
phone set. 

3. Word pronunciation vocabularies in phone and syllable 
levels are formed. 

4. Syllable set },...,{ 1 NssS =  is determined using 
syllabication tool. 

5. Using word and syllable-level transcriptions of training 
data, the numbers of syllables training samples are 
calculated >< ii Kf , . 

6. Threshold Ts indicating minimum training samples 
number for including a syllable into modeling unit set 
is chosen. 

7. A set of acoustic units },...,,,...,{' 1 jiR ssffF =  is 

formed, including: 
a. All phones from F; 
b. Syllables si, for which si TK > . 

8. Phone pronunciation vocabulary is transformed 
changing phones with syllables where possible. 

9. A question list for tree-based triphone clustering is 
transformed considering mixed phonetic units – phones 
and included syllables. 

 

4. Experimental Investigation  

4.1. Experimental Environment 

For executing experiments, speech corpus LRN0 (Lithuanian 
Radio News version 0) containing about 10 hours of speech 
was collected. The design of LRN0 corpus corresponds to 
WSJCAM0 corpus, which was also used for running pilot 
experiments for English continuous speech recognition. The 
major characteristics of LRN0 corpus are given in the table 4. 
The proposed theoretical speech recognition system was 
implemented using tools from publicly available HMM 
modeling toolkit HTK, see [11]. Additionally, original 
software was developed for syllabication, frequency analysis, 
deriving dynamic phone sets, phone-level recognition 
accuracy analysis, transformation of pronunciation 
vocabulary, phonetic transcriptions, and models using Java 
programming language. 

Table 2 – Major LRN0 characteristics 

Criterion LRN0 Characteristics 
Speech type Continuous 
Speech content Read broadcast news 
Annotation Orthogonal word-level 

trasncriptions 
Number of speakers 23 
Sampling 11 kHz 
Quantization 16 b 
Channel Mono 
Training data 9+ h (6564 sentences) 
Development test data 2 min. (50 sentences) 
Evaluation test data 14 min. (360 sentences) 
Full vocabulary 18000+ words 
Evaluation vocabulary 5500 words 
Phone set 74 simple phones, 156 

diphthongs, 3 pseudo phones 
(including softness and lexical 
stress annotation) 

4.2. Experiment Design 

The following experiments were planned and performed: 
1. Comparing various phone sets by achieved word 

error rates (WER) and phone error rates (PER); 
2. Deriving dynamic phone set based on available 

training samples; 
3. Including longer duration units – words and 

syllables – into modeling unit set. 
In all experiments, training of the HMMs and recognition was 
performed using conventional Baum-Welch and Viterbi 
algorithms respectively. Language model was not used in 
experiments. 
 
In our experiments we aim to compare several modeling 
variants by recognition accuracy and model complexity 
measures. As recognition accuracy measures we used WER 
estimates: 

%100×
++

=
N

IDSWER   (2) 
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Here N – total number of words, S – number of submitted 
words, D – number of deleted words, and I – number of 
inserted words. When comparing two model sets by WER 
measures we indicate both absolute improvement 

21 WERWER − , and relative improvement 
1

21

WER
WERWER − . 

Additionally, in some experiments we also compare phone 
error rate (PER) measures. PER can be more accurate criterion 
for comparing the quality of phone-based acoustic models 
because in highly inflected Lithuanian language a word error 
can result from one phone difference in the word inflection, 
which can be easily corrected manually or by language model. 
Since HTK tools failed to compute PER measures, a new tool 
for PER calculation based on the minimum edit string 
comparison algorithm was implemented using Java 
programming language. It also calculates phone confusion 
matrix and separate PER measures and error list for every 
phone, which is useful for identifying the most problematic 
phone models and investigating how to improve them. Such 
fine-grained modeling falls out of this paper scope but is 
planned for future experiments. When presenting error rate 
estimates we also indicate binomial 90% confidence intervals 
computed using Wald method. 

4.3.  Experiment Results 

4.3.1. Experiment #1 – Comparing various phone sets by 
achieved word phone error rates 

The first experiment was performed in order to find the most 
efficient static phone set for Lithuanian speech recognition. It 
is a continuation and extension of experiments presented in 
[12]. The following base phone sets (BPS) were defined for 
evaluating speech recognition accuracy: 
• Grapheme set, which is the easiest way to form acoustic 

models according to written units. However, it is not 
equally suitable for different languages, and usually 
results in higher error rates compared to phone models. It 
is important to find out the suitability of graphemes for 
Lithuanian speech recognition. 

• BPS #1 defines phones annotating properties proposed by 
linguists: softness of consonants, accent information, 
diphthongs (vowel-vowel) and mixed diphthongs (vowel-
consonant) and affricates. This phone set provides the 
standard simple phone list which is the baseline for 
evaluating other phone sets, where some property 
(softness, accent, mixed diphthongs or affricates) is 
removed, not annotated in phone set, and measuring the 
impact of this change in terms of WER and PER change. 

• BPS #2 removes lexical stress annotation from BPS #1. 
• BPS #3 removes softness annotation from BPS #1. 
• BPS #4 removes both softness and lexical stress 

annotation from BPS #1. 
• BPS #5 splits mixed diphthongs and removes affricates 

from BPS #1, because mixed diphthongs and affricates 
were rarely seen in training data set – all phones that 
appeared less than 50 times were either mixed diphthongs 
or affricates. When splitting mixed diphthongs the lexical 
stress annotation is also removed if it falls on the 
consonant part. 

• BPS #6 removes softness annotation from BPS #5; 

• BPS #7 removes softness and lexical stress annotation 
from BPS #5. 

The achieved WER and PER estimates for all of these phone 
sets using triphone HMM models with 4-component Gaussian 
mixtures were evaluated. We have also performed additional 
experiments with the baseline grapheme and BPS #1 models 
and the BPS #6 and BPS #7 that were identified as the most 
perspective ones training HMM models up to 10-component 
Gaussian mixtures. The results of these experiments are given 
in the figure 3. 

0,00%

5,00%

10,00%

15,00%

20,00%

25,00%

WER, % 19,34% 18,41% 15,66% 16,18%

PER, % 5,78% 6,74% 4,90% 4,55%

Graphemes Phone Set #1 Phone Set #6 Phone Set #7

Figure 3 – Comparison of WER for 4-component Gaussian 
mixture HMMs of triphones based on the most perspective 

phone sets 
Using BPS #6 for building clustered triphone HMM models 
with 10 component Gaussian mixtures we have achieved 
15,66%±1,20% WER, which is absolute 2,75% and relative 
14,94% improvement compared to 18,41%±1,28% WER for 
baseline BPS #1 including full acoustic properties annotation, 
and absolute 3,68% and relative 19,03% improvement 
compared to 19,34%±1,31% WER for baseline grapheme set. 
 
Using BPS #7 for building clustered triphone HMM models 
with 10 component Gaussian mixtures we have achieved 
4,55%±0,28% PER, which is absolute 2,19% and relative 
32,49% improvement compared to 6,74%±0,33% PER for 
baseline BPS #1 including full acoustic properties annotation, 
and absolute 1,23% and relative 21,28% improvement 
compared to 5,78%±0,31% PER for baseline grapheme set. 
 
Both WER and PER measures achieved using hone sets #6 
and #7 significantly outperform the baseline models using 
graphemes and BPS #1. The difference between BPS #6 and 
BPS #7 is not significant. However, we recommend BPS #6 
with the lowest WER for further usage. Thus, when choosing 
a BPS it is recommended to: 

• Split mixed diphthongs (vowel-consonant); 
• Do not include softness annotation; 
• Include lexical stress annotation. 

 
After analysis of errors for every phone, which is given in the 
table 2, we also draw a conclusion that diphthong and vowel 
recognition is more problematic and models for every 
diphthong and vowel have to be studied individually in future. 
 
Additionally, we applied the choice of number of Gaussians 
for individual models based on the number of training samples, 
which also allowed increase of recognition accuracy. 
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Previously, the lowest WER – 15,66%±1,20% – was achieved 
with BPS #6 triphone models trained uniformly up to 10 
components. The PER for this model was evaluated to 
4,90%±0,29%, and the size of the binary model file was 17,7 
MB. Training BPS #6 triphone models according to individual 
Gaussian selection up to 17 Gaussians resulted in smaller 
binary model file size, which was 16,2 MB, and slightly lower 
error rates – 14,89%±1,18% WER and 4,59%±0,28% PER. 
Comparing these results to the baseline BPS #1, which model 
file size was 20,6 MB, WER – 18,41%±1,28%, and PER – 
6,74%±0,33%, we can state that we succeeded to significantly 
improve recognition accuracy and lower model set complexity. 

Table 3 – Phone error rates (PER) for the simplest 
Lithuanian phone set 

Nr Phone PER,% Nr Phone PER,% 
1.  ui 25.00 20.  s 3.90 
2.  uo 13.91 21.  b 3.88 
3.  i: 12.53 22.  p 3.67 
4.  a: 10.88 23.  au 3.64 
5.  u: 10.03 24.  v 3.59 
6.  eh: 8.88 25.  r 3.05 
7.  e: 8.86 26.  t 2.59 
8.  ai 7.11 27.  k 1.98 
9.  ei 7.08 28.  n 1.90 
10.  j 6.04 29.  w 1.82 
11.  ie 5.99 30.  sh 1.25 
12.  i 5.79 31.  m 1.15 
13.  e 5.68 32.  g 1.14 
14.  u 5.61 33.  o 0.95 
15.  o: 5.23 34.  zh 0.76 
16.  a 4.92 35.  ch 0.0 
17.  f 4.35 36.  eu 0.0 
18.  d 4.15 37.  h 0.0 
19.  l 3.91 38.  z 0.0 

 

4.3.2. Experiment #2 – Deriving dynamic phone set based 
on available training samples 

The purpose of the second experiment was to validate the 
derivation preferred BPS dynamically from the fully annotated 
BPS #1 by simplifying rare phones based on the number of 
avalaible training samples. The proposed algorithm for 
deriving the preferred phone set was implemented in Java 
programming language. 
 
We have performed evaluation experiments with several Tp 
values and have drawn the following conclusions based on 
their results: 
• The choice of Tp values in interval from 

10
mTp =  to 

mTp =  has little impact to WER measures, but PER is 

decreasing when selecting higher Tp values; 
• The WER and PER estimates for the best-performance 

dynamically derived phone set have no significant 
difference comparing to the best fixed phone set, thus the 
algorithm has practical value since it is more flexible 
than using fixed phone sets and allows customization of 
phone sets for various applications. 

4.3.3. Experiment #3 – Including longer duration units – 
words and syllables – into modeling unit set 

The purpose of the third experiment was to verify hypothesis 
that including frequent longer duration phonetic units – words 
and syllables – into phone set can improve recognition 
accuracy. The BPS #6, which was indicated as the most 
effective in the first experiment, was used in the majority of 
the recognition experiments. Additionally, experiments with 
BPS #5 were performed.  
 
Since word frequency analysis revealed that only few words 
had more than 100 samples in training data and most of them 
contained only 1 or 2 syllables, we proposed algorithm and 
performed experiments for including only syllables as longer 
duration units. However, the algorithm can be easily 
generalized for including various duration units such as 
diphones and words as well. 
 
We performed syllable frequency analysis and decided to run 
experiments with the following Ts values: Ts=50, Ts=100 
(only with monophones), Ts=300, Ts=500, Ts=1000. There 
were 33 syllables with more than 1000 samples that covered 
only less than 1% of syllables set, but near 23% syllables in 
training transcription, and 530 syllables with more than 100 
samples, which covered 80% training syllables. 
 
Although for monophones recognition results were promising, 
experiments with triphones including syllables that appeared 
more than 300, 500, and 1000 times in training data, i.e. 
Ts=300, Ts=500, Ts=1000, indicated that accuracy 
improvement was not achieved. On the contrary, the lowest 
WER achieved with models including syllables was higher 
than the lowest WER achieved with models not including 
syllables, as shown in the figure 4. 

0,00%

5,00%

10,00%

15,00%

20,00%

Ts=300 18,53% 17,88%

Ts=500 18,20% 17,92%

Ts=1000 16,38% 16,87%

No syllables 16,83% 15,66%

BPS #5 WER, % BPS #6 WER, %

Figure 4 – WER using BPS#5 and BPS#6 triphones including 
frequent syllables 

 
Such results can be explained by the fact that syllables 
occurring more than 1000 times (there were only 5 syllables 
with more then 2000 training samples) are still not as frequent 
as an average number of phone samples, which was 6259. 
Thus, the hypothesis than including syllables as separate 
modeling units for continuous Lithuanian speech recognition 
improves recognition accuracy is declined. Considering 
experiment results, we can draw a conclusion that syllables are 
not perspective modeling units for improving Lithuanian 
continuous speech recognition. 
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5. Conclusions and Perspectives 
In this paper we proposed, implemented and validated 
experimentally a technique for forming a mixed acoustic 
modeling units set based on phones and syllables and 
incorporating significant phonetic features. 
 
Based on the results of experiments, we draw the following 
conclusions: 
 
1. Including the most frequent syllables into modeling unit 

set did not allow to improve recognition accuracy; 
2. The proposed methods for forming dynamic phone set 

including or leaving out linguistic information and 
choosing model complexity based on the number of 
training samples decreased the number of acoustic model 
set parameters by 21,36% and by the same time achieved 
relative 19,12% improvement on word error rate, and 
relative 31,90% improvement on phone error rate 
comparing to the primary acoustic model formed on fully 
linguistic phone set. 

 
In the future, we plan to continue presented research by 
extending the size of speech corpus LRN0 and performing 
experiments on choosing various model topologies and other 
properties for individual phones. 
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