Native Speaker Dependent System for the Development
of a Multi-User ASR-Training System
for the Mixtec Language

Santiago Omar Caballero Morales and Edgar De Los Santos Ramirez

Technological University of the Mixtec Region, Postgraduate Division, Highway to Acatlima K.m.
2.5, Huajuapan de Leon, Oaxaca, 69000, Mexico
scaballero@mixteco.utm.mx, edgarinteractivo@hotmail.com

Abstract. The Mixtec Language is one of the main native languages in Mexico, and
is present mainly in the regions of Oaxaca and Guerrero. Due to urbanization,
discrimination, and limited attempts to promote the culture, the native languages are
disappearing. Most of the information available about these languages (and their
variations) is in written form, and while there is speech data available for listening
and pronunciation practicing, a multimedia tool that incorporates both, speech and
written representation, could improve the learning of the languages for non-native
speakers, thus contributing to their preservation. In this paper we present some
advances towards the development of a Multi-User Automatic Speech Recognition
(ASR) Training system for one variation of the Mixtec Language that could be used
for the design of speech communication, translation, and learning interfaces for
both, native and non-native speakers. The methodology and proposed
implementation, which consisted of a native Speaker - Dependent (SD) ASR system
integrated with an adaptation technique, showed recognition accuracies over 90%
and 85% when tested by a male and a female non-native speakers respectively.
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1 Introduction

Research on spoken language technology has led to the development of Automatic Speech
Recognition (ASR), Text-To-Speech (TTS) synthesis, and dialogue systems. These
systems are now used for different applications such as in mobile telephones for voice
dialing, GPS navigation, information retrieval, dictation [1, 2, 3], translation [4, 5], and
assistance for handicapped people [6, 7].

ASR technology has been used also for language learning, and examples of these can
be found in [8, 9, 10] for English, [11] for Spanish and French among others, and [12] for
“sign” languages. These interfaces allow the user to practice their pronunciation at home
or work without the limitations of a schedule. They also have the advantage of mobility as
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some of them can be installed in different computer platforms, or even mobile telephones
for basic practicing. However, although there are applications for the most common
foreign languages, there are limited (if any) applications for native or ancient languages.

In Mexico there are around 89 native languages still spoken by 6.6 millions of native
speakers. Although the number of speakers may be significant (considering the total
number of inhabitants in Mexico) this number is decreasing, especially in the Mixtec
region.

The population of native speakers of the Mixtec language is decreasing given urban
migration and development, culture rejection and limited attempts to preserve the
language. This has been expressed by people living in communities in the Mixtec region
of Mexico, and this can be corroborated by national statistics that show that the number of
people who spoke any native language, 6.3 millions in 2000 (7.1% of the total population)
decreased to 6.0 millions in 2005 (6.6% of the total population), and this amount was even
higher in 1990 (7.5% of the total population) [13]. This increases the possibility of native
languages being lost, as some dialects or variations had less than 10 known speakers (i.e.,
Ayapaneco, 4 speakers; Chinanteco of Sochiapan, 2 speakers; Mixtec of the Mazateca
Region, 6 speakers [13]). In this case, historic antecedents or information about the
language is not recorded, making very difficult to recover or save some part of the
language. This may happen to other languages with more speakers. The Mixtec Language,
with approximately 480,000 speakers, has been reported to lose annually 200 speakers.

To preserve a language is not an easy task, because all characteristics such as grammar
rules, written expression, speech articulation, and phonetics must be documented and
recorded. Although there are books and dictionaries that among the word definitions
include examples about how to pronounce them, this is not as complete as listening the
correct pronunciation from a native speaker

We consider that this goal can be accomplished by the use of modern technology such
as that used for foreign language learning [10, 11] to promote the language among non-
native speakers and thus, to contribute to its preservation. In this work we focus on the
development of an ASR-Training system to allow a speaker to practice his or her
pronunciation. The methodology and proposed implementation, which consisted of a
native Speaker - Dependent (SD) ASR system integrated with a speaker adapting
technique, achieved accuracies over 90% and 85% for a male and a female non-native
users respectively.

The development of the native ASR-Training system is presented as follows: in Section
2 the details about the phonetics of the reference Mixtec language variation, and the
speech corpus developed to build the native ASR system, are shown; in Section 3 the
design of the SD native ASR system, which includes the supervised training of the
system’s acoustic models, and the adaptation technique for its use by non-native users, are
shown; in Section 4 the details of the testing methodology by two non-native speakers and
the performance of the system in real time are presented and analyzed; finally in Section
5 we discuss about our findings and future work.
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2 The Mixtec Language
2.1 Phonetics

The Mixtec Language, or “Tu’un Savi” (Tongue/Language of the Rain) [14], is present
mainly in the states of Sinaloa, Jalisco, Guerrero, Puebla, Oaxaca, and Yucatdn. With a
number of speakers of approximately 480,000, this is one of the main native languages in
Mexico. The Mixtec is a tonal language [14], where the meaning of a word relies on its
tone, and because of the geographic dispersion of the Mixtec population, there are
differences in tones and pronunciations between communities, which in some cases
restricts the communication between them [15]. Because of this, each variation of the
Mixtec language is identified by the name of a community, for example, Mixtec from
Tezoatlan [16], Mixtec from Yosondda [17], or Mixtec of Xochapa [18], existing
significant differences between vocabularies and their meanings: “cat” and “mouse” are
respectively referenced as “chité” and “tiin” by the Mixtec of Silacayoapan, and as “vilo”
and “choto” by the Mixtec of the South East of Nochixtldn. Hence, the Mixtec cannot be
considered as a single and homogeneous language, and there is still a debate about its
number of variations, which is within the range of 30 [19] to 81[20].

Table 1. Examples of Mixtec words with tones.

Word Meaning  Word Meaning

fiod night yukud who
filoo town yuku mountain
0o Palm yuku leaf

Table 2. Repertoire of Mixtec phonemes.

No. Phoneme No. Phoneme No. Phoneme
1 1al 11 o/ 21 /m/
2 1al 12 fa/ 22 /n/
3 lal 13 / 23 /nd/
4 1é/ 14 fu/ 24 i/
5 lel 15 /ch/ 25 /s/
6 /il 16 /d/ 26 /sh/
7 A/ 17 dj/ 27 It/
8 fi/ 18 il 28 /vl
9 16/ 19 /k/ 29 Iyl
10 10/ 20 N/ 30 /sil/

In general, the Mixtec language has three characteristic tones: high, medium, and low
[14, 16, 17, 18, 21, 22, 23, 24]. In Table 1 some examples of words that change their
meanings based on the tone applied on their vowels are shown, where (_) is used to
identify the low tone, (") the high tone, and the medium tone is left unmarked [14].
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Although there are other tone representations, where the low tone also is represented with
a horizontal line over the vowel [24], usually the high tone is represented with the
diacritical ().

Based on the phonemes identified in [14, 21-24] and by integrating the different tones
in the vowels, the repertoire shown in Table 2 was defined. The low tone is represented by
the diacritical (") while the high tone is represented by (*), the medium tone is unmarked
to keep consistency.

The phonetics of the Mixtec has some differences when compared with the Mexican
Spanish language. For example, from Table 2:

— The Mixtec phoneme /dj/ represents a sound similar to the Spaniard Spanish z
(phoneme /z/), which is stronger than s (/s/) in both languages. In the phonetics of the
Mexican Spanish from the center region both sounds, z and s, are represented by the
phoneme /s/ [25];

— The Mixtec phonemes /sh/ and /ch/ are pronounced in Mexican Spanish as the
consonant X in the word “Xicoténcatl” and CH in the word “chicle” respectively;

— There are short pauses, uttered as a glottal closure between vowels within a word,
which are represented by (’) such as in “tu’un” or “ndd’a” ;

— The Mixtec phoneme /n/ sounds as n in the Mexican Spanish (associated with the
consonant N) if it is placed before a vowel, but is mute if placed after the vowel.

2.2 Vocabulary

Because the purpose of the system is to be used for speech training and practicing of the
Mixtec language, a vocabulary used for learning was chosen. For this, we established
contact with a native speaker who teaches the Mixtec language at the local Cultural
Center. The place of origin of this speaker is the community of San Juan Dikiyud in
Oaxaca. Since this variation shares similarities with other variations in Oaxaca, we were
confident about using it as the reference variation.

With support from the Mixtec teacher we selected 7 traditional Mixtec narratives from
a total of 15 that he uses in his lessons for teaching, where the first were used for
beginners and the last for more advanced students. The 7 narratives were read twice by
the teacher in a recording studio, where the speech samples were recorded in WAV format
with a sampling rate of 44,100 Hz and one audio channel (monaural). These recordings
were transcribed at the phonetic and word levels (TIMIT standard) using the list of
phonemes defined in Table 2 using the software WaveSurfer. All this material formed the
Training Speech Corpus for the native ASR system which had a total of 192 different
words.

Based on the frequency of phonemes of the corpus, which is shown in Figure 1, it was
considered that the Training Corpus was phonetically balanced as there were enough
samples from each phoneme for the supervised training of the acoustic models of the ASR
system.



Native Speaker Dependent System for the Development of a Multi-User ASR-Training System... 135

318

335
271 281
N
218 209 o1 o7 228
167
131
121 105 101
82 7
49 57
h 32 dg 3l pd 17 14 I . .
2

sm N sfin - Emflim:0_0C [ n
i oA oa [ S S TR nond As oshot vy sl

é

o

o @ U u ¢ d d j k 1 m

Fig. 1. Frequency distribution of the Mixtec phonemes in the Training Speech Corpus.

3 Mixtec Speaker-Dependent ASR System

The elements of the native ASR that were built with the Training Speech Corpus are
shown in Figure 2.

Baum-Welch Viterbi

Acoustic Models
Ph i .

, ””)) Dicz:i::y Search Algorithm “Nuu Dikiyd”
(Lexicon) (Viterbi)

Language Model

Fig. 2. Structure of the native ASR system.

These were implemented with the software HTK Toolkit [26], and each one was built
as follows:

— Acoustic Models: Hidden Markov Models (HMMs) [27, 28] were used for the
acoustic modeling of each phoneme in the Training Corpus. These were standard
three-state left-to-right HMMs with 10 Gaussian components per state. The front-end
used 12 MFCCs plus energy, delta, and acceleration coefficients [26]. The supervised
training of the HMMs with the Training Corpus (labeled at the phonetic level) was
performed with the Baum-Welch and Viterbi algorithms.

— Lexicon: the phonetic dictionary was made at the same time as the phonetic labeling
of the Training Corpus. The phoneme sequences that formed each word in the
vocabulary were defined by perceptual analysis considering the pronouncing rules
presented in Section 2.1.
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— Language Model: Word-bigram language models were estimated from the word
transcriptions of the corpus. Speech recognition was performed with a scale grammar
factor of 10.

— Search Algorithm: Speech recognition was performed with the Viterbi algorithm
implemented with the module HVite of the HTK Toolkit.

3.1 Adaptation for Non-native Speakers

As presented in Section 2.2 the Speech Training Corpus of the native ASR was built with
the speech samples from a single native speaker. Thus, the system described above is
Speaker Dependent (SD) and it will show good performance only when used by the same
speaker. For practicing and learning purposes this is a disadvantage.

Commercial ASR systems are trained with hundreds or thousands of speech samples
from different speakers, which leads to Speaker-Independent (SI) systems. When a new
user wants to use such system, it is common to ask the user to read some words or
narratives to provide speech samples that will be used by the system to adapt the SI
acoustic models to the patterns of the user’s voice. SI ASR systems are robust enough to
get benefits by the implementation of adaptation techniques such as MAP or MLLR [26,
28].

In the case of the development of a SI ASR system for the Mixtec language there are
challenges given by the wide range of variations in tones and pronunciations, and the
limited availability of native speakers to obtain training corpora. Because of this situation,
the use of a speaker adaptation technique on this SD system was studied.

Maximum Likelihood Linear Regression (MLLR) was the adaptation technique used
for the native SD ASR system in order to make it usable for non-native speakers. MLLR
is based on the assumption that a set of linear transformations can be used to reduce the
mismatch between an initial HMM model set and the adaptation data. In this work, these
transformations were applied to the mean and variance parameters of the Gaussian
mixtures of the SD HMMs, and it was performed in two steps:

— Global Adaptation. A global base class was used to specify the set of HMM
components that share the same transform. Then a global transform was generated
and applied to every Gaussian component of the SD HMMs.

— Dynamic Adaptation. The global transformation was wused as an input
transformation to adapt the model set, producing better frame/state alignments which
were then used to estimate a set of more specific transforms by using a regression
class tree. For this work, the regression class tree had 32 terminal nodes, and was
constructed to cluster together components that were close in acoustic space, and thus
could be transformed in similar way. These transforms become more specific to
certain groupings of Gaussian components, and are estimated according to the
“amount” and “type" of available adaptation data (see Table 3). Because each
Gaussian component of an HMM belongs to one particular base class, the tying of
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each transformation across a number of mixture components can be used to adapt
distributions for which there are no observations at all (hence, all models can be
adapted). The adaptation process is dynamically refined when more adaptation data
becomes available [26].
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Fig.3. Binary regression class tree with four terminal nodes.

Table 3. Selection of words for supervised non-native speaker adaptation.

No. Selected Word  Phonemes No. Selected Word  Phonemes
1 ANE’ECHOOS aneechoos 14 KOUNI kotdni
2 ATOKO dtoké 15 KUALI kuali
3 DIKIYU dikiyd 16 KUTAKU kiitaku
4 DIAMA djama 17 KUTO kuté
5 DJAVI zavi 18 LAA laa
6 CHANI chani 19 LULI luli
7 CHI chi 20 NDAKONO ndakoné
8 IDIONA fzona 21 NDEEYE ndeyé
9 INO ifiod 22 NIKEE nikée
10 KAMA kama 23 NA fia
11 KVl kivi 24 NUU fiuu
12 KOKUMI kokumi 25 SAXI sédshi
13 KOOIUN koid 26 Uxi ushi

As an example of how MLLR works, in Figure 3 a regression class tree is presented
with four terminal nodes (or base classes) denoted as Cy, Cs, Cs and C,. Solid nodes and
arrows indicate that there is enough data in that class to generate a transformation matrix,
and dotted lines and circles indicate that there is insufficient data. During the “dynamic”
adaptation, the mixture components of the models that belong to the nodes 2, 3 and 4 are
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used to construct a set of transforms denoted by W,, W; and W,. When the transformed
model set is required, the transformation matrices (mean and variance) are applied in the
following fashion to the Gaussian components in each base class: W,>Cs; W; 2>{Cy, C};
and W,>C,, thus adapting the distributions of the classes with insufficient data (nodes 5,
6, and 7) as well as the classes with enough data.

For the native SD system, a selection of words from the Training Corpus was defined
to allow the user to provide enough speech samples (adaptation data) from each phoneme
listed in Table 2. These words are shown in Table 3 and have the frequency distribution of
phonemes shown in Figure 4, which has a correlation coefficient of 0.69 with the
distribution of the Training Corpus (Figure 1). Hence it was considered that the
adaptation samples were representative of the Training Corpus and sufficient for MLLR
adaptation.

a a a é e i i i 6 o o a u u ch d dj j k I m n nd i# s sh ot v y

Fig. 4. Frequency distribution of the phonemes in the selection of words for non-native speaker
adaptation.

3.2 Non-native Speakers

Two non-native speakers, a female and a male, were recruited to test the performance of
the native SD ASR with the adaptation technique. Their background details are shown in
Figure 5.

™ Name:GCV Name: SCB
Age: 28 Age: 35
‘Background: Computer Engineer Background: Business Manager

Fig. 5. Non-native speakers for evaluation of the native SD ASR system.

Prior to use the system, both received 6 hours of informative sessions which were
distributed over three days. In these sessions, information about the pronunciation of the
Mixtec words from the ASR system’s vocabulary and the 7 narratives, which included the
audios from the native speaker, were reviewed.
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Fig. 6. Graphical User Interface for the native SD ASR-Training system.

3.3 Graphical User Interface

As shown in Figure 6, the native SD ASR system was integrated with a Graphical User
Interface (GUI) for the adaptation and recognition tasks which were conducted as follows:

Adaptation (1). As shown in Figure 6, there is a “New User” field (1A) where the
user can write his/her name, for example, “Juan”. When the user does this, the
interface builds the respective directories and files to perform adaptation. On the right
side there are buttons with the names of the adaptation words from Table 3 (1B), and
with the label “Record” (1C). When the 1B buttons are pressed the audio file
corresponding to that word (from the native speaker) is played, so the user can hear
the correct pronunciation of that word before providing any speech sample for
adaptation. When pressed the respective 1C button (the one next to that word) the
interface records the user’s pronunciation of that word. When the recording task is
finished an “OK” is shown next to 1C. After all adaptation words are recorded the
user can press the “Perform Adaptation” button (1D), which starts the MLLR
adaptation with the audio samples from the user.
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— Recognition (2). Once that the user got registered and performed adaptation,
his/her data (i.e., MLLR transformations) is stored in directories identified by his/her
name. After re-starting the interface, the new user’s name is shown in the list of
“Registered Users” (2A). At this point the user selects his/her name and the interface
automatically loads the corresponding MLLR transformations and acoustic models,
enabling the button “Speech Recognition” (2B) to perform ASR in real time when
pressed. The user pronounces any phrase from the narratives (when pressing 2B) and
the interface displays two outputs: in the field 2C the non-adapted response of the SD
ASR is shown, while in 2D the MLLR adapted response is shown.

4 Performance of the Mixtec SD ASR-Training System

The measure of performance for the Mixtec ASR-Training system was the Word
Recognition Accuracy (WAcc), which is analogous to the Word Error Rate (WER) [26].
For convenience we used both measures, which are defined as:

WAcc = (N-D-S-I)/N . (1)
WER =1 -WAcc. ()

where N is the total number of elements (words) in the reference (correct) transcription of
the spoken words, D and I are the number of elements deleted and inserted in the decoded
sequence of words (word output from the ASR system), and S the number of elements
from the correct transcription substituted by a different word in the decoded sequence.

The Mixtec ASR was tested initially with the Training Corpus, and the performance
results are shown in Table 4.

Table 4. Performance of the Mixtec ASR system when tested with the Training Corpus.

N D S I J%9WAcc %WER
911 0 18 29 94.84 5.16

By replacing the word-bigram language model with a phoneme-based language model,
a response at the phonetic level was obtained from the recognizer. A phoneme confusion-
matrix, shown in Figure 7, was estimated from this response in order to identify patterns
of errors at the low level of the baseline ASR.

As it can be observed, there were a few confusions between phonemes, for example:
between vowels /4/, /a/, /a/, and /i/, /i/, /i/; and a significant confusion between /nd/ and
/d/. Analogous to Table 4, and as presented in Figure 7, the performance of the Mixtec
ASR at the phonetic level is shown in Table 5.

As shown in Figure 7 and Table 5, the deletions and substitutions rates were
approximately 10% of N (most of the deleted phonemes were vowels), while insertions
represented approximately 5%. A %W Acc of 78% is normal based on the fact that there
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was no restriction from the phonetic dictionary (Lexicon) to form valid sequences of
phonemes (which lead to a %WAcc of 94.84%). These results show that the acoustic
modeling of the tonal phonemes of the SD ASR system with the Training Corpus was
performed satisfactorily. This is normal in most cases unless there were many variations
or inconsistencies in the training speech.

Table 5. Performance of the phoneme-based Mixtec ASR system
when tested with the Training Corpus.

N D S I J%9WAcc %WER
3846 340 338 144 78.63 21.37
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Fig. 7. Pattern of errors at the phonetic level of the Mixtec ASR system when tested with the
Training Corpus.

The system was tested by the non-native speakers using three narratives (NTVs) with
different levels of difficulty: 1 (easy level), 3 (medium level), and 6 (hard level). Each
user was allowed to try up to 10 times the system in case that his/her uttered phrase wasn’t
recognized. If after those trials the phrase was not recognized, then the last result was
recorded as the final response of the ASR system.

The performance results for the non-native speakers are shown in Table 6. The
accuracy for the male user was -4.46% when no adaptation was performed. After the
adaptation session, the performance increased to 92.57%. With the female user the non-
adapted system performed with an accuracy of 9.90%, however after the adaptation
session this increased to 88.12%.
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Table 6. Performance of the Non-adapted and Adapted Mixtec ASR system
when tested by two non-native speakers.

User GCV User SCB
Non-adapted SD ASR-Training System Non-adapted SD ASR-Training System
NTV N D S I %WAcc  %WER NTV N D S I 9%WAcc  %WER
1 53 4 32 13 7.55 92.45 1 53 8 30 7 15.09 84.91
3 53 2 32 20 -1.89  101.89 3 53 6 25 18 7.55 92.45
6 96 1 59 48 -12.50 112.50 6 96 4 66 18 8.33 91.67
Total 202 7 123 81 -4.46 104.46  Total 202 18 121 43 9.90 90.10

MLLR-adapted SD ASR-Training System MLLR-adapted SD ASR-Training System
NTV N D S I %WAcc  %WER NTV N D S I %WAcc  %WER

1 530 1 0 98.11 1.89 1 53 0 2 0 96.23 3.77
3 53 0 3 2 90.57 9.43 3 53 0 5 3 84.91 15.09
6 9% 0 8 1 90.63 9.38 6 96 0 10 4 85.42 14.58
Total 202 0 12 3 92.57 743 Total 202 0 17 7 88.12 11.88

While performing the testing sessions there were recorded the number of trials before
the adapted system could recognize correctly the test phrase. For the male user (GCV), in
7 out of 49 phrases after the 10 trials the exact phrase was not obtained. A mean of 2.97
with a standard deviation of 3.17 was obtained for the number of trials before the
recognizer could decode the correct phrase. In contrast, for the female user, in 17 phrases
the correct phrase was not obtained after the 10 trials. This was reflected in a mean of 5.10
trials with a standard deviation of 4.08 for this user.

These differences in performances could be caused by the acoustic differences between
the female’s voice and the male’s voice. Also, variations in the level of knowledge or
ability to utter the Mixtec phonemes, which are user dependent, can be attributable
factors. A matched pairs test [29] was used to test for statistical significant differences
between both performances, obtaining a p-value of 0.21 (< 0.10) for the results presented
in Table 6. Because of this, it was concluded that there was no statistical difference
between both performances.

5 Conclusions and Future Work

In this paper we presented our advances towards the development of a Multi-user Mixtec
ASR system for language learning purposes. The Mixtec language is a complex language
given the diversity of tones and vocabulary, and so there are challenges to accomplish
such system, especially with limited availability of native speakers for speech corpora.
Nevertheless a native SD ASR system was developed for purposes of pronunciation
training of a tonal language. This system, when integrated with a speaker adaptation
technique, performed with levels of recognition accuracy of 92.57% (male user) and
88.12% (female user) for two non-native speakers, thus making it a multi-user system.
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As presented in Table 6, MLLR is a very reliable adaptation technique when applied on

a tonal SD ASR system, being able to accomplish with few speech samples (in this case,
26 words) improvements in recognition accuracy of around 90%. For non-native users,
most of the word recognition errors were substitutions (12 for male user, 17 for female
user) and insertions (3 and 7 respectively). As starting point, the results presented in this
paper are encouraging, however we do realize that much more research is needed, and
here we present our future work:

Develop a technique to increase the performance of the native ASR system.

Increase the Training Speech Corpus: add more vocabulary words and increase the
complexity of the narratives; recruit more native speakers (both genders) in order to
develop a native SI ASR system. Currently we are in talks to recruit three additional
native speakers.

Test the system with more users with different levels of expertise in the Mixtec
language (group tests are being planned).

Improve the GUI to increase usability: incorporate learning methodologies to extend
the use of the ASR system for users that don’t have previous knowledge of the
language (with no informative sessions); integrate a measure of performance for the
level of knowledge or practicing that the user gets by using the ASR system.
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