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Abstract

The rhythm measures are one of the primary means of differ-
entiating languages and their dialects. They are broadly clas-
sified into two groups: time domain and frequency domain
measures. The time-domain rhythm measures include temporal
metrics like vocalic and non-vocalic durations and their deriva-
tives, etc, and the frequency-domain rhythm measures comprise
amplitude-modulated rhythm formant trajectory frequency and
magnitude. To conduct this research, we focused on four As-
samese regional varieties spoken in four districts of the Indian
state of Assam. Data used in this study consists of read speech
data of native Assamese speakers reading the Assamese transla-
tion of the “North Wind and the Sun” passage. The speech data
was obtained from a total of 10 speakers for each of the four
varieties. The average accuracy of dialect classification using
quadratic discriminant analysis turns out to be 42% and 35%,
respectively, for time- and frequency-domain rhythm measures.
Index Terms: Rhythm categories, Rhythm metrics, Rhythm
formant analysis, Assamese dialects

1. Introduction

The Assamese language is spoken in the state of Assam in In-
dia. It has been broadly divided into three geographically dis-
tinct dialect groups: Central Assamese (CA), Eastern Assamese
(EA), and Western Assamese (WA), each comprising several re-
gional varieties. These dialects vary from each other in a wide
range of linguistic features, including morphology, phonology,
and vocabulary [1, 2, 3]. Although the phonetics and phonology
of Assamese dialects have been well-studied, recent works have
mostly attempted to classify these dialects using vowel acous-
tics [4, 5, 6, 7]. To the best of our knowledge, the only work
that classified the Assamese regional varieties using rhythm as
the prosodic feature used temporal rhythm metrics [8]. It em-
ployed a quadratic discriminant analysis (QDA) and reported an
average accuracy of 42% in classifying five regional varieties,
namely, Jorhat and Tinsukia belonging to EA dialect group,
Nalbari and Barpeta belonging to WA dialect group and Nagaon
belonging to CA dialect group. The geographical location of
those regional varieties of Assamese are shown in Figure 1. In a
recent study that used frequency domain rhythm measures in the
form of low-frequency amplitude-modulated rhythm formants,
different varieties of English and German languages were clas-
sified based on a majority vote rule [9]. In this work, we attempt
to analyze the rhythms of four regional varieties of Assamese
(Barpeta, Jorhat, Nalbari, and Tinsukia) as shown in Figure 1,
using both time-domain and frequency-domain rhythm mea-
sures. The paper also evaluates dialect classification using QDA
for both the rhythm measures.

Dialect identification is the process of identifying and dif-
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Figure 1: Map of Assam illustrating 5 districts representing the
regional varieties of Assamese. Speakers from 4 districts (Bar-
peta, Nalbari, Jorhat and Tinsukia) were selected for this anal-
VSis.

ferentiating the various dialects of a language spoken in various
social or geographic contexts. On account of vulnerabilities due
to linguistic variations and geographic restrictions, dialect clas-
sification is thought to be difficult [10]. In literature, dialect
identification has been carried out by acoustic modeling using
MEFCC [10], MFCC and higher order SDC features [11] and
phonotactic modeling [12]. It is seen that prosodic features like
rhythm and pitch, along with speaking rate, when combined
with the phonotactic features yield better identification of the
dialects [13]. There are many attempts to classify the dialects
of Assamese. In one such attempt, mel frequency cepstral co-
efficient features were used to train Gaussian mixture models
to classify four dialects of Assam [14]. In another work, the
first four formant frequencies of eight vowels of Assamese are
combined to form a 12-dimensional feature vector [15] for di-
alect identification. An attempt to discriminate 5 dialects cor-
responding to 3 dialectal areas of Assam, namely EA, WA, and
CA was carried out by combining the vocalic and non-vocalic
rhythm measures and rate of articulation (ROA) measures as
features [8, 16].

Previous research indicates that rhythm is a multifaceted
percept that cannot be easily analyzed considering a single as-
pect of the speech signal [17, 18]. Concentrating solely on
interval durations, event timing, or event prominences might
be misleading, as perceptions of these aspects have been
demonstrated to interact with other variables within the speech
stream [17, 19]. To address this, researchers looked into speech
amplitude envelop-based metrics for rhythm analysis in various
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languages [20]. Language and dialect classification has been
carried out based on time and frequency domain rhythm fea-
tures [21, 22, 9]. As mentioned earlier, several studies of rhythm
in languages, have widely used the linguistic-phonetic interface
wherein temporal metrics are used to categorize languages into
different ‘rhythm classes’. However, to the best of our knowl-
edge, no other study has used the frequency domain features
for any Indian language or dialect classification. Therefore, al-
though temporal rhythm metrics have been used previously in
Assamese dialect classification, we explore the use of rhythm
formants to classify the dialects of this language.

The rest of the paper is organized as follows. Section 2 de-
scribes the salient prosodic attributes of Assamese and its major
dialects. Following that, the methodology employed for this
study, in particular, describing the data, and the time and fre-
quency domain rhythm measures used in Section 3. The exper-
imental results are presented and discussed in Section 4. The
paper is concluded in Section 5.

2. Assamese and its dialects

Assamese belongs to the Indo-Aryan language family and is
spoken in the Brahmaputra valley of Assam. Over time it has
varied enormously across the valley giving rise to several di-
alects and sub-dialects, with the major divisions being EA, CA,
and WA [23, 2, 24]. The EA variety is also considered the
standard colloquial Assamese (SCA) variety. While the EA
exhibits homogeneity, WA consists of numerous local dialects,
each exhibiting unique features compared to the others, differ-
ing mostly in phonetic terms. However, EA and WA vary in a
broad range of vocabulary, morphology, and phonology [2].

2.1. Prosodic features

Among the prosodic differences, scholars have mostly com-
mented on the stress or prominence of Assamese words as men-
tioned below. It is worth highlighting that prosodic differences
are often related to differences in other segmental phonological
processes.

¢ EA and CA have medial stress, whereas WA has initial stress.
The strong initial stress of WA generally shortens words. In
the other two dialects the nucleus of the syllable immediately
following the stressed one is attenuated in timbre. For exam-
ple, ‘pumpkin’ is pronounced as komdra in EA; kumiira in
CA, and kiimra in WA [2, 25].

* SCA exemplifies a left—to—right trochaic system with an iter-
ative binary rhythm [26]. In the Nalbari variety of Assamese
spoken in western Assam, the prominence pattern is more
forceful which is augmented by phonological processes like
segmental deletion, addition, and diphthongization [27].

Rhythm constitutes a major prosodic feature of languages
traditionally classifying the world’s languages into three rhythm
categories, namely, stress-timed, syllable-timed [28, 29] and
mora-timed [30, 31, 32]. These classifications determined by
the organization of speech units over time. Assamese has been
previously reported as a syllable-timed language, based solely
on auditory impression [33]. However, a quantitative study in-
volving one Assamese speaker [34] and a recent study using
temporal rhythm metrics [8] claim that Assamese rhythm is
mora-timed.
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3. Methodology

This section elaborates on the speech data used and the time-
domain and frequency-domain rhythm measures employed in
this study.

3.1. Data

The Assamese speech data was obtained from a previous study
on Assamese rhythm [8]. This data is collected from 40 vol-
untary native Assamese speakers. Of these, 10 (6 female and
5 male) speakers belong to Barpeta, 10 (5 female and 5 male)
speakers belong to Jorhat, 10 (4 female and 6 male) speakers be-
long to Nalbari and 10 (5 female and 5 male) speakers belong to
the Tinsukia district respectively. In the previous study on As-
samese dialect classification using rhythm metrics, the classifi-
cation accuracy was the lowest for the Nagoan region (CA va-
riety). The authors assumed that this low accuracy was a result
of CA being geographically situated between EA and WA and
has been considered as an intermediate dialect [8, 16]. There-
fore in this study, we have considered only EA and WA dialectal
varieties for classification.

The speech data is recorded at a sampling frequency of 44.1
kHz and with 24-bit resolution [8]. The recorded speech files
were downsampled to 16 kHz and 16-bit resolution for ease of
computation and to support the input requirements of the RFA
tool !. A read-aloud IPA standard story called “The North Wind
and the Sun,” translated into Assamese, comprises the speech
data in this study.

3.2. Time-domain rhythm measures

The speech datasets from all the groups were segmented at the
breath group level using the Praat software. A breath group is
considered as a basic unit of prosodic analysis [35]. It refers to a
stretch of utterance between two pauses of sufficient length for
an intake of breath [36]. The speech files corresponding to the
breath groups were subjected to a MATLAB® code for vowel
onset point (VOP) and vowel endpoint (VEP) detection [37].
Annotation and analysis were limited to fluent utterances, i.e.,
breath groups including seven syllables or more, and without
any pause or hesitation. The duration of vowels and conso-
nants was determined from VOPs and VEPs. Thereafter, a perl
script was used to find out the rhythm metrics. The time-domain
rhythm measures calculated for a breath group used in the above
study are %V (percentage of vocalic interval) [38], AV (stan-
dard deviation of the duration of vocalic intervals), AC (stan-
dard deviation of the duration of intervocalic intervals) [38],
VarcoAV (percentage of standard deviation of vocalic inter-
val duration (AV) of the average duration of vocalic intervals
(mean V)), VarcoAC (percentage of standard deviation of con-
sonantal interval duration (AC) of the average duration of con-
sonantal intervals (mean C)) [39] nPVI-V (rate normalized mea-
sures of the durational variation of two consecutive vocalic in-
tervals), nPVI-V (rate normalized measures of the durational
variation of two consecutive vocalic intervals r-PVI (raw mea-
sure of the durational variation of two consecutive consonantal
intervals) [40, 16].

3.3. Frequency-domain rhythm measures

The rhythm formant analysis (RFA) is a novel and quantitative
modulation-theoretic process of analyzing the dynamic long-
term rhythm variation in long narratives. This technique ad-
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Figure 2: Kernel density estimation (KDE) plots for four different vocalic time-domain rhythm features.

dresses the temporal variation aspect of LF spectrogram anal-
ysis for both AM and FM. Speech rhythms can be identified
by spectral analysis as magnitude peaks of the amplitude and
frequency modulation envelopes of the speech [9]. To distin-
guish between tokens of various speech styles and language va-
rieties, very long-term rhythms of rhythm are found [41] and
subjected as input to the hierarchical clustering (a most funda-
mental unsupervised machine learning algorithm) [42]. Hierar-
chical Clustering is employed as it is unsupervised and does not
require cluster mentions. It is versatile takes a variety of dis-
tances and produces robust results for small data. RFA has been
employed in several disciplines, including linguistics [9], stud-
ies on discriminating and learning second languages [43], etc.
In contrasting English with Mandarin, the interaction of ampli-
tude modulation (AM) and frequency modulation (FM) rhythm
factors are explored [44]. The maximum magnitude frequency
trajectory of the LF spectrogram is extracted and applied to clas-
sify readings in different languages (English and Mandarin) and
German dialects using a number of distance-based hierarchical
clustering approaches [9].

The RFA procedure involves downsampling of the signal
and AM and FM demodulation [45]. The fundamental idea is
that in FM, the source signal’s frequency, originating from the
larynx, is modulated as a result of factors like pitch accent, tone,
and intonation. In AM, on the other hand, the amplitude of the
resulting FM signal is modulated due to the interaction of foot,
syllable, and phrase sonority patterns [9] [46]. This results in
the speech signal, which exhibits both FM and AM characteris-
tics. The primary objective of RFA is to extract the FM and AM
information from this modulated signal. In this study, we have
considered the AM trajectory magnitude and frequency values
as frequency-domain rhythm features.

The AM information is retrieved and assessed through a
three-step process: demodulation of AM, LF spectrum, and
spectrogram generation, and the comparison of AM spectral at-
tributes among various data elements using distance-based hi-
erarchical clustering [41]. A fifth-order Butterworth filter with
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a 10 Hz cutoff is used. Each spectrum was created using a 3s
moving FFT window (50 overlapping steps, 60ms each step) to
generate the spectrogram to demonstrate minute, steady rhyth-
mic shifts. The rhythm formants are identified as the spectral
frequency zones around the magnitude peaks in the LF spec-
trum and are used as input to the hierarchical clustering (a most
fundamental unsupervised machine learning algorithm) [42]. In
this study, the rhythm features are extracted and a QDA is per-
formed to classify the dialects.

4. Results and Discussion

This section presents the experimental results of Assamese
regional dialect classification performed using time- and
frequency-domain rhythm measures.

4.1. Time-domain rhythm measures

To see the discriminability of broad Assamese dialects (EA
and WA) and the regional varieties (Barpeta, Nalbari, Jorhat,
and Tinsukia) using temporal rhythm metrics, a QDA was con-
ducted by combining the rhythm measures as features. The
QDA classification is prformed using 5-fold cross-validation
with 80% of the files as training and 20% as testing. Figures
3 and 4 show the confusion matrices for regional and broad
dialects of Assamese. It can be seen from Figure 3, that all
regional varieties are correctly categorized with an average ac-
curacy of 52%. Broad dialect groups EA and WA are correctly
categorized with an average accuracy of 65%. In a previous
study, the authors classified 5 Assamese regional varieties using
the acoustic properties of vowel [6]. When it comes to temporal
rhythm measures, the separation between rhythm types is best
when plotted on a %V and nPVI-V plane [8]. To assess the
same, the kernel density estimation plots for four vocalic time
domain features are plotted and shown in Figure 2. From this
figure, it can be observed that geographically distant varieties
have shown better discrimination, unlike the proximally closed
ones.



Recognized as
True label Barpeta Jorhat Nalbari Tinsukia
Barpeta 49.4 19.8 13.6 17.3
Jorhat 14.9 43.6 28.0 13.5
Nalbari 11.3 20.5 62.8 5.4
Tinsukia 26.5 8.0 12.4 53.1

Figure 3: Confusion matrix for the classification of regional va-
riety of Assamese using time-domain features.

Recognized as

True label EA WA
EA 58.7 41.3
WA 28.5 71.5

Figure 4: Confusion matrix for broad Assamese dialect group
classification using time-domain features

4.2. Frequency-domain rhythm measures

We analyze the speech files corresponding to the said four di-
alects, considering the AM rhythm formant frequency. The
mean accuracy obtained in classifying the dialects is 27.5%.
A previous study mentioned that combining both frequency
and magnitude may lead to better discrimination among closely
similar dialects of a language [9]. So, we changed the input file
to include both the trajectory frequency and magnitude values.
This new feature resulted in a mean classification accuracy of
35% as observed from the confusion matrix shown in Figure 5.
Then, we try to assess the discriminability of the Assamese re-
gional dialects pairwise. We find that the mean accuracies for
Barpeta-Nalbari, Jorhat-Tinsukia, and Jorhat-Nalbari pair are
50%, 55%, and 75%, respectively. For the Barpeta-Nalbari pair,
most of the files belonging to Barpeta are misclassified as Nal-
bari. Similarly, for the Jorhat-Tinsukia pair, most of the files be-
longing to Tinsukia are misclassified as Jorhat. Since Jorhat and
Tinsukia varieties belong to the EA dialectal group, while Nal-
bari and Barpeta belong to WA dialectal groups, we can say that
the misclassification is not random and depends on the dialectal
regions. Consequently, the misclassification appears to corre-
late with the distinct dialectal regions, implying a non-random
association between misclassification and dialectal affiliation.

We also analyzed the speech files corresponding to broad
dialects (EA and WA). The confusion matrix of QDA classifi-
cation is shown in Figure 6. It can be noted from the figure that
the mean accuracy in classifying the dialects corresponding to
the dialectal regions based on the rhythm features turns out to
be 67%.

5. Conclusion

This study attempts to classify four regional varieties of As-
samese based on rhythm measures. For the same, the quadratic
discriminant analysis has been performed using both traditional
time-domain rhythm features and recently proposed RFA-based
frequency-domain rhythm features. The study reveals that
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Recognized as
True label Barpeta Jorhat Nalbari Tinsukia
Barpeta 20.0 30.0 20.0 30.0
Jorhat 30.0 50.0 20.0 0.0
Nalbari 30.0 20.0 50.0 0.0
Tinsukia 0.0 40.0 40.0 20.0

Figure 5: Confusion matrix for the classification of regional va-
riety of Assamese using frequency-domain features.

Recognized as

True label EA WA
EA 75.0 25.0
WA 41.7 58.3

Figure 6: Confusion matrix for broad Assamese dialect group
classification using frequency-domain features

the frequency-domain rhythm measures yield an average di-
alect classification accuracy of 35% which is slightly lower
but compares well with that of time-domain rhythm mea-
sures. It is worth mentioning that time- and frequency-domain
rhythm measures capture different attributes of the speech sig-
nal. Therefore it will be interesting to see if the two features can
be combined, which can be pursued as future work.
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