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Abstract

This paper describes the development of a continuous
speech recognition system for Assamese, an under-resourced
language of North-East India. The Speech corpus used in
this work consists of 5658 spoken utterances collected from
27 speakers over telephone channel. The baseline speech
recognition system was implemented using conventional
hidden Markov model in conjunction with Gaussian mixture
model, employing Mel-frequency cepstral coefficients as
features. ASR systems using subspace Gaussian mixture model
and deep neural networks together with hidden Markov model
were implemented. The systems were evaluated with 3-fold
cross validation method. The average word error rate of the
best ASR system is 4.3%.

Index Terms: ASR, Assamese language, GMM-HMM,
SGMM-HMM, DNN-HMM

1. Introduction

Over the past two decades, development of speech recognition
systems for under-resourced languages has been an active area
of research in the speech community. Languages spoken in In-
dia belong to several language families. 75% Indians speak
Indo-Aryan languages, 20% speak Dravidian languages while
the other languages belong to the Austro-Asiatic, Sino-Tibetan,
Tai-Kadai, and a few other minor language families and isolates.
Many Indian languages have little written or spoken language
resources on the digital platform. Assamese is one such under-
resourced language spoken by over 15 million people in North-
East India. Assamese belongs to the Indo-Aryan language fam-
ily, and is the official language of the state of Assam.

As per the 2011 census, there are 121 languages and 270
mother tongues in India [1]. But only a few major Indian
languages have been explored for the development of speech
recognition systems. Melvin et al. reported a large vocabulary
Continuous Speech Recognition (CSR) system for Tamil lan-
guage [2]. The authors reported syllable error rate of 17.44%
on read mode newspaper speech. In [3], CSR systems in two
Indian languages, Tamil and Telugu are reported with syllable
recognition accuracies of 43.3% and 32.9% respectively on In-
dian television news bulletins. A Bengali language CSR system
that used monophone level acoustic models was reported with
an accuracy of 71.6% [4].

In case of Assamese language, a few speech recognition
systems have been reported. Mousmita et al. [5] reported a
work on Assamese numeral recognition system using isolated
digits. A digit recognition accuracy of 98% was achieved by
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an ASR system that used recurrent neural networks. Biswajit
et al. [6] reported the development of an Assamese Phonetic
Engine using speech collected in reading, lecture and conver-
sation modes. The phone recognition accuracies of the system
were 47.3%, 45.3% and 36.1% respectively. Shahnawazud-
din et al. [7, 8] reported work on a spoken query system de-
veloped for accessing the price of agricultural commodities in
Assamese language. This isolated word/phrase recognition sys-
tem was trained using speech data recorded over landline and
mobile phone channel. Recently, Sarma er al. [9] developed
an ASR system for Assamese language using HTK, a hidden
Markov model toolkit [10]. The authors used deep neural net
for modeling context dependent acoustic units. The accuracy of
word level transcription was 78.0%.

Here, we report the development of an ASR system that
can recognise Assamese sentences spoken in a continuous man-
ner. The system uses Hidden Markov Model (HMM) to model
temporal variations speech signal. The best version of the sys-
tem uses Deep Neural Network (DNN) to estimate the posterior
probabilities of context dependent acoustic units generating fea-
ture vectors derived from short-time signal processing of input
speech. The system was implemented using an open source
toolkit, kaldi [11].

The rest of the paper is organized as follows. Information
about the phone level units modeled by the ASR system, and
the linguistic resources used to train and test the ASR system
is given in Section 2. The details of the experimental setup is
given in Section 3. The results of experiments are discussed
and compared with those of other systems in Section 4. A few
concluding remarks are given in Section 5.

2. Linguistic Resources

This section presents information about the acoustic units of As-
samese language for which statistical models were trained. In
addition, a brief description of the written and spoken linguistic
resources created for training and evaluating the ASR system is
also given.

2.1. Acoustic units

The acoustic units employed in this work are listed in Table 1 in
3 different representations. The 3 columns show the Assamese
character, the corresponding IPA symbol, and its ASCII repre-
sentation following the Indian Language Sound Label (ILSL12)
convention [12]. ILSL12 is a common label set, for represent-
ing phone level units of many Indian languages, being used by
many ASR researchers in India. The pronunciation dictionary,
created in this work, follows the ILSL12 convention. The As-
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Table 1: The list of acoustic units in 3 notations: Assamese
script, IPA, ILSLI2

Assamese IPA ILSL12 Assamese IPA ILSL12
character label label character label label
o ] ax 3,3 th th
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2,5 i i 5,4 dr dh
B8 u u 94,7 n n
& Ji q “ p p
9 3 e T p" ph
a oi oi 3 b b
a ¢ o © b" bh
@ ou ou i m m
T k k T i y
4 k" kh 3% b r
o g g B | 1
T gh gh E w w
8,00 n ng B, ® S s
LA z j T h h
3 dz" jh 7 ah dxhq
@ nj nj =,5,% X X
ALY t t

samese label set, used in this work, represents 46 phonemes: 10
vowels and 36 consonants.

2.2. Text corpus

The sentences for the text corpus were drawn from different
sources such as story books, articles, online newspapers. The
length of the selected sentences ranged from 5-10 words. In
addition, proverbs and digit sequences, designed to contain all
digit pairs [13], were also included. The text corpus used in
this work contains 1000 unique sentences comprising of 2777
unique words. The set of 1000 sentences were grouped in 50
different subsets, each containing 20 sentences. Each subset
contains 1 digit sequence, 4 proverbs and 15 sentences ran-
domly selected from various sources in proportions as shown
in Figure 1.

2.3. Speech Corpus

A short description of the speech corpus used in this work is
given here; a detailed description is given in [14]. The speech
corpus contains speech data collected from 27 speakers belong-
ing to different age groups. Out of 27 speakers, 24 were na-

= Story Books

o Proverbs
Digits

M Articles

Figure 1: Distribution of the sentences from different sources
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Table 2: Information about training and test data of 3-fold ex-
periments.

No. of Fold 1 Fold 2 Fold 3
Train | Test Train | Test Train | Test
Utterances | 3759 | 1899 || 3759 | 1899 || 3798 | 1860
Speakers 18 9 19 8 17 10
Male 9 4 9 4 8 5
Female 9 5 10 4 9 5

tive speakers of Assamese. The mother-tongue of 3 speakers
is Bengali; however, these 3 persons could read and speak As-
samese fluently. The data was collected over mobile telephone
channel using an interactive voice response system configured
with Asterisk software. The speakers were asked to call the
voice-server using their own mobile phones and to respond to
predefined prompts. Each speaker was provided with a printed
sheet that contained a set of 20 sentences to be read, one af-
ter another after a beep. Speakers contributed speech data on a
voluntary basis without any remuneration. They were asked to
read as many sentence sets as possible. So, the number of sen-
tences (and speech files) per speaker varied from 20 to 500. The
speech corpus used in this work contains a total of 5658 files,
each containing one spoken sentence. The numbers of occur-
rence of vowels and consonants in the Assamese speech corpus
are 67899 and 107783 respectively.

In this work, we evaluated the performance of the system
using the k-fold validation methodology. Due to small size
of the speech database, we set k=3. The speech corpus was
divided into three subsets, each set containing approximately
equal number of speakers, and equal number of speech files.
While the set of speakers in the 3 subsets are mutually exclu-
sive, there is a large degree of overlap in the sentences read by
the speakers in these 3 subsets. The 3 subsets correspond to the
test sets in 3 folds as shown in Table 2. Specifically, subsets 1,
2, and 3 consists of data from 9, 8 and 10 speakers respectively
such that each subset contains nearly equal number of speech
files. In ‘Fold 3’ experiment, the first two subsets are used as
train data, and the remaining subset is used as test data. The
Word Error Rates (WER) of the trained system when fed with
train data set and test data set were computed. This procedure
is repeated for the other two folds. In this work, we evaluate the
WER of the system when fed with test data for the 3 folds, and
report the average of the 3 WER values.

3. Experimental Setup

This section discusses the experimental setup of this work. All
the experiments were conducted using Kaldi speech recognition
toolkit [11]. Default values of the parameters were used in most
cases.

Mel Frequency Cepstral Coefficients (MFCC) [15] were
used for capturing the vocal tract information. The MFCC
feature vectors were extracted from speech segments of 25ms
duration, and successive frames were shifted by 10ms. Ham-
ming window and pre-emphasis factor of 0.97 were used. In
order to capture the dynamic characteristics of the speech sig-
nal, the 13 dimensional base MFCC feature vectors were ap-
pended with the velocity (A) and the acceleration (AA) com-
ponents. The resultant 39 dimensional feature vectors were
used for training the context-independent (monophone) GMM-
HMM model, called Mono henceforth. For each of the 46
acoustic phonetic units, a 3-state left-to-right HMM model



Table 3: Specifications of the DNN-HMM system

Parameter Specification
No. of hidden layers 4
No. of epochs 20
Dimension of hidden layer 1024
Mini batch size 128
Initial learning rate 0.0015
Final learning rate 0.0002

was trained. Using the trained monophone models, the phone
boundaries were re-aligned. The information is used to initial-
ize the context-dependent (triphone) GMM-HMM models. The
resultant trained model is labeled as Tril. In order to get opti-
mum performance, the number of senones (shared states) was
varied from 100 to 1000 in steps of 100, fixing the number of
Gaussians per state as 16. The performance was optimal for
200 senones. Using the optimal Tril model, the boundaries of
triphones were adjusted using Viterbi force-alignment. The 13
dimensional static MFCC features were spliced in four frames
to the left and four frames to the right, thereby resulting in 117
(13 X 9) dimensional feature vector whose dimensionality was
reduced to 40 using linear discriminant analysis (LDA) [16, 17].
The resulting trained model is referred to as Tri2. Using Maxi-
mum Likelihood Linear Transform (MLLT) [18, 19], the feature
vectors are further decorrelated. The number of senones was
varied from 100 to 1000 in steps of 100, keeping the number
of Gaussians per state constant as 16. The triphone boundaries
were again realigned using the optimal model. In this variant of
GMM-HMM system, speaker adaptive training [20] was per-
formed by normalizing the feature vectors using Feature space
Maximum Likelihood Linear Regression (fMLLR) [21]. This
model is referred to as Tri3 model. Using the Tri3 model, the
phone boundaries are further realigned and fed as input to the
SGMM-HMM [22] system. In SGMM-HMM system, a glob-
ally shared model subspace is used to estimate the parameters of
the statistical model of each and every state. This reduces the to-
tal number of parameters to be estimated, and makes it possible
to learn the model parameters with a limited amount of train-
ing data. We also implemented the system following the DNN-
HMM [23] acoustic modeling approach. A feed-forward deep
neural network was trained using multiple hidden layers that
takes time-spliced feature vectors with LDA+MLLT+fMLLR
as input, and computes the posterior probabilities over HMM
states as output. The specification of the parameters used in
training the DNN-HMM system is shown in Table 3.

4. Results and Discussion

The baseline ASR systems were developed employing 3 dif-
ferent acoustic modelling techniques as discussed in section 3.
The linguistic knowledge was captured by bi-gram language
models. For each fold of k-fold evaluation, separate bi-gram
language model was learned using the respective training tran-
script. Here, the performance of an ASR system is measured in
terms of Word Error Rate (WER), defined as
WER(%) =100« (D+ S+ 1)/N

where D is the number of word deletions, S is the number of
word substitutions, I is the number of words inserted by the
decoder and N is the number of the words in the reference tran-
scription [11]. The performances of the baseline systems, mea-
sured in terms of WER (in %), are shown in Table 4. For each
k-fold dataset, WER was computed for different ASR systems.
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Table 4: WER (in %) of the Assamese ASR systems for three
different kinds of acoustic models, for test data. The WERs for
the 3 folds and the average WER are shown.

i Avg .

Acoustic Model % WER WER
Fold1 | Fold2 | Fold 3

GMM-HMM (Tri 3) 7.99 8.52 7.60 8.03

SGMM-HMM 7.04 7.24 5.28 6.58

DNN-HMM 5.93 6.41 4.62 5.65

The average WER of GMM-HMM, SGMM-HMM and DNN-
HMM systems are 8.03%, 6.58% and 5.65% respectively.

During data collection, the duration of speech recording
was set to a fixed duration that was long enough for any speaker
to read every sentence completely. Consequently, the speech
files contained varying lengths of silences at either end of the
files. A second set of experiments were performed after re-
moving the end silences from the speech files using energy
based end-point detection method. The WERSs of the systems
trained and tested with speech data after removing the end si-
lences, for 3-folds, are shown in Table 5. The average WER
of GMM-HMM, SGMM-HMM and DNN-HMM systems are
5.74%, 5.30% snf 4.29% respectively.

Table 5: % WER of the Assamese ASR systems for three different
kinds of acoustic models for test data after the removal of long
end silences

" Avg.
Acoustic Model % WER %BWER
Fold1 | Fold2 | Fold 3
GMM-HMM (Tri 3) 6.66 5.57 5.00 5.74
SGMM-HMM 6.38 5.04 4.49 5.30
DNN-HMM 4.94 4.62 3.32 4.29

By comparing the average WER figures in Table 4 with
those in Table 5, one can note that reductions of 2.29%, 1.28%
and 1.36% in WER were achieved by GMM-HMM, SGMM-
HMM and DNN-HMM systems respectively thanks to the re-
moval of long silences from the speech files. This observation
is graphically shown in Figure 2.

| I I
5 I
4

GMM-HMM SGMM-HMM DNN-HMM

B with silences

without silences

%AVG. WER

Acoustic Models

Figure 2: Word Error Rates of Assamese ASR systems before
and after removal of long end silences



4.1. Comparison with other Assamese ASR systems

A summary of several systems for recognizing Assamese
speech as a sequence of linguistic units such as phone or word is
given in Section 1. Probably, the Assamese ASR system closest
to the current ASR system in terms of system features is the one
reported by Sarma et al. [9]. They developed an ASR system for
Assamese language using HTK toolkit [10]. The authors used
deep neural net for modeling context dependent acoustic units,
similar to the current work. The number of phone level units
employed by Sarma et al. was 38; the corresponding figure is
48 in the current work. The accuracy of word level transcrip-
tion obtained by them was 78.0%. This corresponds to a WER
of 22% in contrast to 6% WER in the current work. Sarma et
al. used 3 hours of speech data (527 files) for training and about
0.5 hours of speech data (127 files) for testing the ASR system.
This is about an order of magnitude smaller than the resources
used in this work: about 3800 files for training and about 1900
files for testing. DNN is known to be data hungry; this could be
one of the reasons for the better performance of the ASR system
reported here.

Another DNN based ASR system for Assamese language
is based on speech data released through IARPA Babel project
[24]. Using the language packs distributed by IARPA, ASR
systems in several languages, including Assamese, were devel-
oped by the Cambridge University speech group as part of the
Lorelei team co-ordinated by IBM [25]. The ASR systems were
based on bottle neck multi layer perceptrons. The performance
of ASR system was measured in terms of Token Error Rate
(TER), a measure similar to WER. Bigram language model was
used, as in the current work. The lowest TER was achieved for
Confusion Network Combination (CNC) system that combines
the confusion networks generated by the Tandem HMM-GMM
and Stacked Hybrid systems. The lowest TERs for the CNC
system were 64.3% and 52.8% corresponding to limited (ap-
proximately 10 hours) and Full (approximately 80 hours) pack
of speech data respectively. However, it is not fair to compare
these TER figures with the WERs of the present system because
the data distributed by IARPA is very challenging and close to
real-life situation. In contrast, the speech corpus used here is
scripted/read speech.

5. Conclusion

We reported the development of an ASR system for Assamese
language using limited linguistic resources. Several versions
of ASR system were implemented that used GMM-HMM or
SGMM-HMM or DNN-HMM models to represent the acoustic-
phonetic units. The best performance was obtained by DNN-
HMM model with word recognition accuracy of about 95.7%,
a figure better than those of the systems reported in the litera-
ture. Using larger amount of speech data collected under real-
life conditions, practical ASR systems can be developed with
high recognition rates that can serve as the backbone of differ-
ent ASR applications.
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