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Dear participants,

it is a great pleasure to welcome you to the PLCL_ASR Workshop at Graz

University of Technology. It is the first time that a workshop linking speech

technology with research on pluricentric languages takes place.

We are very happy that despite the novelty of the presented field so many of you

from so many different countries contribute to the workshop. By the end of

August we had 90 registrations from about 20 different countries.

The program includes 12 oral talks which were chosen on the basis of abstracts,

submitted in April 2019 and reviewed by 2 reviewers each. In addition, the

program includes a keynote speech by Martine Adda-Decker (LPP Paris) and an

introduction to the theoretical concepts of pluricentric languages by Rudolf Muhr

(University of Graz), and we will end the program with a panel discussion,

initiated with a talk by Catia Cucchiarini (Dutch Language Union and Radboud

University Nijmegen).

At this point we would like to thank our local helpers: Johanna Hofer, Katerina

Petrevska and Anneliese Kelterer. Special thanks go to Kristina Peier and Stefanie

Magallanes, two students from high school who spent a FIT internship at the

SPSC Laboratory in Summer 2019. They did a great job with the layout of this

book of abstracts and the certificate of participation. Thank you all for your time

and efforts!

For this workshop, we hope for lively discussions, concepts that promote the

field of research and an inspiring day full of new ideas.

Rudolf Muhr (Austrian German Research Centre; Initiator of the workshop)

Barbara Schuppler (Graz University of Technology)

Tania Habib (Lahore University of Engineering and Technology)
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Workshop Program

Saturday, September 14, 2019 / Inffeldgasse 13, Room HSi8 PZ2

08.00 - 10.00 Registration: Between 8.00 and 8.30 all speakers are kindly asked

to upload their presentations to the laptop provided.

09.00 - 09.15 Opening ceremony - Welcome address by the organizing
committee

Morning session 1 - Chair: Barbara Schuppler page

09.15 - 9.30 1. Muhr R.: Introduction the theory of pluricentric languages:
Some fundamentals of pluricentric theory

5

09.30 - 10.15 2. Keynote Speech: Adda-Decker M.: Variation in spoken
pluricentric languages: sights from large corpora and challenges for
speech technology

6

10.15 - 10.35 3. Qasim M., Habib T., Mumtaz B. and Urooj S.: Speech emotion
recognition for Urdu language

7

10.35 - 11.00 Coffee break

Morning session 2 - Chair: György Szaszák

11.00 - 11.20 4. Niebuhr O., Brem A., Tegtmeier S., Fischer K., Michalsky J. and
Sydow A.: The pluricentric phenomenon of persuasive speech -
Research and development perspectives based on corpus analyses,
automatic assessment tools, and speaker-specific effects.

10

11.20 - 11.40 5. El Zarka D. and Hödl P.: Topic or Focus: Do Egyptians interpret
prosodic differences in terms of information structure?

12

11.40 - 12.00 6. Ludusan B. and Schuppler B.: Automatic detection of prosodic
boundaries in two varieties of German.

14

12.00 - 13.30 Lunch break

Afternoon-Session 1 - Chair: Tania Habib

13.30 - 13.50 7. Miller C.: Accommodating pluricentrism in speech technology. 16

13.50 - 14.10 8. Szaszák G. and Pierucci P.: Accent adaptation of ASR acoustic

models: shall we make it really so complicated?

17

14.10 - 14.30 9. Chakraborty J., Saramah P. and Vijaya S.: Speech recognition
and dialect identification systems for Bangladeshi and Indian
varieties of Bangla.

19

14.30 - 14.50 10. Whettam D., Gargett A. and Dethlefs N.: Cross-dialect speech
processing.

20

14.50 - 15.30 Coffee break
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Afternoon-Session 2
Chair: Corey Miller

15.30 - 15.50 11. Gorisch J. and Schmidt T.: Challenges in widening the
transcription bottleneck.

22

15.50 - 16.10 12. Wu Y., Lamel, L. and Adda-Decker M.: Variation in pluricentric
Mandarin using large corpus.

24

16.10 - 16.30 13. Sinha S., Bansal S. and Agrawal S. S.: Acoustic phonetic
convergence and divergence between Hindi spoken in India and
Nepal.

27

Panel Discussion: The role of pluricentricity for speech technology,

and the role of speech technology for pluricentric languages.
Chair: Rudolf Muhr

16.30 - 16.45 14. Cucchiarini C.: Speech technology for pluricentric languages:
insights and lessons learned from the Dutch language area

30

16.45 - 17.30 15. Panel discussion - Invited panel participants:
Sham Agrawal (KIIT College of Engineering)
Catia Cucchiarini (Dutch Language Union/ Radboud University

Nijmegen),

Juraj Šimko (University of Helsinki)
Michael Stadtschnitzer (Fraunhofer Institute, IAIS),
Andrej Žgank (University of Maribor)

30
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1. Introduction to the theory of pluricentric languages

Some fundamentals of the theory of pluricentric languages

Rudolf Muhr1

1 Austrian German Research Centre and

International Working Group on Non-Dominant Varieties of pluricentric Languages
rudolf.muhr@uni-graz.at

In my introductory talk I will try to outline some fundamentals that make up a theory of pluricentric

languages (PLCLs).

Fundamental 1: The theory of PCLs is by nature part of sociolinguistics and not of linguistics alone as it

both deals with language and its social-semiotic function that establishes social groups (up to the level of

nations). It is not enough to look for linguistic differences between varieties – the differences must be

researched for their social meaning and how they contribute to the identity of the receptive language

community.

Fundamental 2: The theory of PLCLs is based on the existence of political entities that endow a certain

status to languages being used on their territory. The highest status is the status of a national language or

co-national language which means that this specific language can be/must be used throughout the

territory. Regional or local languages can only be used on a much lower geographical (and social) level.

Fundamental 3: PLCLs usually are constituted through the split of a nation/territory in the course of

political events or through decolonisation processes where a colony inherits the colonial language which

through time gets shaped by the communicative requirements of the new post-colonial nation.

Fundamental 4: The national varieties (NVs) of a PLCL constitute the language. NVs act like monolingual

languages as they have exclusive rights on the territory. However, NVs share many linguistic features with

other NVs (esp. on the level of written language). Any PLCL has therefore at least two NVs. Minority

languages are usually not considered as NVs as they have no impact on the norm of the PLCL as a whole.

Fundamental 5: NVs can be distinguished according to their economic, political, demographic, cultural

and symbolic power into dominant (DVs) and non-dominant varieties (NDVs) where the former are

mostly identical with the so called “mother-variety” and the latter mostly the “new” varieties.

Fundamental 6: In no known PLCL there are more than two DVs, however there are many NDVs. In most

PLCLs they are denigrated as “dialect(s)”, “slang” or “regional” or “diatopic” varieties. This is

fundamentally wrong –NDVs are on the same level as single languages. Anyone working on PLCLs should

use the term “national variety” and never “dialect” of language X”.

Fundamental 7: Language technology should not only look at linguistic differences within PLCLs and

reflect on how to handle them, it should also look for their social meaning and their contribution to the

social identity of speakers and language communities. This will help to find technical solutions that find

the acknowledgement of the language users.
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2. Keynote Speech

Variation in spoken pluricentric languages: insights from large corpora

and challenges for speech technology

Martine Adda Decker

The Laboratory of Phonetics and Phonology (LPP, Paris)

madda@limsi.fr

The term 'pluricentric language' refers to languages that are shared by, and have official roles, in more
than one country. A major difference between pluricentric languages as compared to other regional
varieties lies in their official status level more than in objective and ascertainable linguistic features.

Research in automatic speech processing started with a focus on the major languages in the world, which

tend to be pluricentric (English, French, German, Spanish, Mandarin, Arabic...) and has the aim of
developing high-performance technologies, be they text-to-speech synthesis, automatic speech
transcription and translation, information retrieval, dialog systems, chatbots... These technologies work
best if language-specific resources are available in abundance, for example high-coverage lexica and

pronunciation dictionaries, large corpora including written material and spoken recordings. A further
facilitating factor is that the country policy actively supports NLP and speech processing research and
development in its language(s). As a consequence, dominant varieties for which there tends to be the
largest amount of resources and the strongest national support, give rise to the best performing speech

technologies, thus reinforcing their norm-setting power with respect to non-dominant varieties. Thus,
there is a risk for non-dominant varieties to have their different codified standards overlooked. However,
in recent years, porting speech technologies to non-dominant varieties of pluricentric languages has been
the subject of increasing attention, and there has been growing attention oriented towards some of the

less documented oral languages. These efforts produce as by-products new language resources thus
providing challenging opportunities for both improved technologies and numerous linguistic studies.

In this talk I will give an overview of ongoing efforts in research and speech technology development to
deal with pluricentric languages. As my main research interests are in pronunciation variation across
languages and speaking styles, I will develop this latter issue in more detail taking examples from
pluricentric languages.

Martine Adda-Decker is a French CNRS researcher since 1990. After more
than 20 years of research in multilingual speech recognition with the Spoken
Language Processing group at LIMSI-CNRS (Orsay), she joined the Laboratory

of Phonetics and Phonology (LPP, Paris) in 2010. Her research interests go to
man-machine communication, language and accent identification,
multilingual speech recognition, pronunciation variants, corpus phonetics and
phonology, and large corpus-based studies. Martine Adda-Decker has

authored or co-authored over 150 peer-reviewed articles in the field. She is
currently vice-president of the French-speaking Speech Communication
Association (AFCP), which is one of the ISCA Special Interest Groups.
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3. Speech emotion recognition for Urdu language

Muhammad Qasim1, Tania Habib1, Benazir Mumtaz1 & Saba Urooj1

1 University of Engineering and Technology, Pakistan

mqasim995@gmail.com,tania.habib@kics.edu.pk, benazir.mumtaz@kics.edu.pk,

saba.urooj@kics.edu.pk

Urdu is the lingua franca of Pakistan and one of the 22 official languages of India with official status in

several states of India. Urdu is the 20th most spoken language in the world with 68.6 million native

speakers and 170.2 million total speakers in Pakistan, India, Bangladesh, and Nepal [1]. Urdu and Hindi

are mutually intelligible languages [2]. This allows Urdu language speakers to converse with 341 million

speakers of Hindi [1]. Urdu in Pakistan has incorporated and borrowed many words from Arabic, Persian

and other regional languages resulting in an easily distinguishable Pakistani version. The use of speech

interfaces which allow for a hands-free human-machine communication has increased significantly in the

last decade. The more recent examples are virtual assistants such as Apple Siri, Google Assistant, and

Alexa. Speech interfaces also overcome the hurdle of the low-literacy rate in countries like Pakistan to

provide people with access to the digital world in their native languages. Speech recognition [3] [4] [5],

text-to-speech [6] and spoken dialogue systems [7] for the Urdu language have been developed in the

last few years.

Humans express emotions to enrich their daily interactions. The same message conveyed with different

emotions may result in different interpretations. Current speech interfaces for the Urdu language are far

from being able to provide natural interactions because they do not understand the emotional state of

the speaker. Speech Emotion Recognition (SER), which aims to understand the emotional state of a

speaker from speech, is vital to have natural and effective speech interfaces. SER can help to distinguish

calls with genuine concern, assist therapists in diagnosis, enhance voice-based security systems and to

improve the quality of service in call centers. In Pakistan, hoax calls to emergency services is a major

issue. The emergency helpline for the city of Lahore received 4 million calls in 2018 out of which 75%

were considered hoaxes [8].

SER is influenced by language and regional differences. Cross-lingual emotion recognition works well in

the binary classification of positive and negative emotions but performs poorly in further classifying the

emotions [9]. Recognition results for cross-lingual systems are not comparable with that of monolingual

systems [10]. This work deals with studying emotion recognition for the Urdu language. SER is a complex

problem which includes design and recording of the corpus, feature extraction, and classification

mechanism. Corpus is designed by selecting semantically neutral sentences. Then, short dialog-based

scenarios are developed for these sentences for each emotion. Table 1 lists some statistics regarding

corpus. Corpus is recorded in an anechoic chamber over a dynamic microphone using 48KHz sampling

rate and 16-bit digitization.
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Table 1: Corpus for speech emotion recognition.

Property Value

No. of Speakers

Speakers

Emotions

Total sentences

Total utterances

10 (15 male, 5 female)

Students (aged between 20-25 years)

4 (neutral, happy, sad, angry)

15 (semantically neutral)

600 (150 for each emotion)

Table 2: Accuracy in %age for different experiments.

Classifier
Speaker

Dependent

Speaker

Independent

Content

Independent

SVM

RF
MLP
LSTM

83

79
62
75

62

59
61
70

75

72
61
80

Classification using Support Vector Machine (SVM), Random Forest (RF), Multilayer Perceptron (MLP) and

Long short - term memory (LSTM) have been performed. Emobase features are extracted from audio files

using Opensmile toolkit [11]. Table 2 shows the accuracy of emotion recognition for different

experiments using emobase feature set. Complete data is used in training for speaker-dependent

experiments and tested using 10-fold cross-validation while data of two speakers is exclusively used in

testing for speaker-independent experiments. For content-independent experiments, ten sentences from

each speaker are used to train and the remaining five sentences are used for testing. It is observed that

accuracy significantly drops for the speaker-independent case. Interestingly, for content-independent

experiments, the accuracy drop is between 5-10%.

The results indicate that speaker dependency plays an important role in emotion recognition. Given a

small drop in accuracy for content-independence, speaker adaptation may be tried to improve accuracy

for new speakers by retraining on a small dataset acquired from the new speaker.

References
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[10] J. H. Jeon, D. Le, R. Xia and Y. Liu, “A Preliminary Study of Cross-lingual Emotion Recognition from

Speech: Automatic Classification versus Human Perception,” in Interspeech, 2013.

[11] F. Eyben, M. Wöllmer and B. Schuller, “Opensmile: the Munich versatile and fast open-source audio

feature extractor,” in 18th ACM international conference on Multimedia, 2010.
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4. The pluricentric phenomenon of persuasive speech -

Research and development perspectives based on corpus analyses,

automatic assessment tools, and speaker-specific effects

Oliver Niebuhr1, Alexander Brem2, Silke Tegtmeier1, Kerstin Fischer1,

Jan Michalsky3 & Alisa Sydow4

1 University of Southern Denmark, Denmark

2 University of Erlangen-Nuremberg, Germany
3 Carl von Ossietzky University of Oldenburg, Germany

4 Università Cattolica del Sacro Cuore, Italy

olni@sdu.dk, alexander.brem@fau.de, tegtmeier@mci.sdu.dk, kerstin@sdu.dk, jan.michalsky@uni-

oldenburg.de, contact@alisasydown.com

All languages are pluricentric insofar as there are languages within languages, i.e. coherent sub-patterns

of grammar, wording, behavior, and expression; and depending on where, when, and by whom these

coherent sub-patterns are used and how they differ from each other, we call them dialects, registers, or

idiolects. What we address in our paper are registers, more specifically, the register of persuasive

speaking. The many centers of this language variety in the pluricentric space are not separated by

geographical and/or national boundaries, but by the temporal boundaries between private and

professional life or the social boundaries between self-directed and other-directed activities.

Persuasive speaking is a traditional key topics of rhetoric, psychology, and management, and has hardly

played any role so far in research and technology of spoken language. However, digitization, new

globalized channels of communication, the promotion of entrepreneurial activities, and the social

interaction between humans and robots have recently put persuasive speaking also on the agenda of

speech scientists.

We have conducted research on this pluricentric register for several years now, with a focus on business

contexts, and in close collaboration with entrepreneurship and management researchers. Our paper

presents an overview of this research, subdivided into three related areas of activity. The first area

concerns the identification and assessment of relevant acoustic parameters within the speaker's

phonation and breathing patterns and at the segmental and prosodic levels of his/her speech. This line of

research has led to patent-pending speech-technology tools for the (semi)automatic analysis and

assessment of a speaker's public-speaking and negotiation skills.

The second area of activity is that of cross-linguistic and cross-cultural differences in how parameters of

voice quality, sound segments and speech prosody are associated with the perceived persuasive power of

a speaker. Gender, age, attire, foreign accent, etc. come into play here as well. This line of research

involves a continuously extended corpus of currently about 300 recorded and partly annotated business

speeches of speakers in Germany, Denmark, Poland, Italy, Spain, China (Mandarin), Nigeria, the Ukraine,

the USA, and the Czech Republic. The business speeches are similarly structured, 3-5 minutes long (so-

called "investor pitches"), and come from trained and untrained speakers. We find in our corpus

indications that culture dominates country or language. For example, speakers who share a similar

European culture but speak very different languages like Danish and Czech almost agree entirely on how
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the acoustic parameter profiles of persuasive speech should look (and sound) like. In contrast, speakers

who come from very different cultures like the USA and Nigeria but speak a variety of the same language,

English, have to differ considerably along their acoustic parameter profiles in order to sound similarly

persuasive.

The third area of activity deals with developing technology for the effective training and improvement of

a speaker's persuasive power. Our current focus in this line of research lies on the real-time visualization

and assessment of acoustic speech prosody parameters, on the development of interactive e-learning

material, on the use of talking robots for explicating and imitating prosodic contrasts, and on the use of

virtual-reality business-presentation settings, which can stimulate more expressive, audience-oriented

speech and help speakers overcome public-speaking anxiety.
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5. Topic or focus: Do Egyptians interpret prosodic differences

in terms of information structure?

Dina El Zarka1 & Petra Hoedl1

1University of Graz, Austria

dina.elzarka@uni-graz.at, petra.hoedl@uni-graz.at

Arabic is a pluricentric language. In addition to a fairly uniform written register used across the Arab

world, there exist (unscripted) national standard varieties (Fischer & Jastrow, 1980, Holes 2004). These

are usually based on the dialect of the capital of the respective country where they enjoy nationwide

prestige and are regarded as the spoken standard.

The present study investigates the functional load of prosodic differences in Egyptian Arabic (EA) by

means of a perception experiment. It has been shown that prosodic characteristics differ widely across

Arabic varieties (Hellmuth, in press; El Zarka, 2017). A specific feature peculiar to EA (Chahal & Hellmuth,

2014), which is of major importance to the present study, is the lack of de-accentuation tied to a strong

macro-rhythm in this variety (Jun, 2014; El Zarka, 2017).

Deaccenting is the prerequisite for pitch accent distribution as a means to encode focus in German or

English (Gussenhoven, 2011). Taking into account that informationally given speech material is not

deaccented in EA, it is less likely that givenness and focus (Chafe, 1994; Krifka, 2007) are grammatically

expressed by prosodic means. However, a corpus study of spontaneous speech (El Zarka & Schuppler

2018) has found strong acoustic correlates for new information status. Experimental work on the prosody

of information structure using controlled production data clearly established significant tonal differences

in addition to pitch height and duration differences between topic (i.e. given) and contrastive as well as

non-contrastive focus (i.e. new) in sentence-initial position (El Zarka et al., submitted) and less clear

differences between broad and narrow focus (Cangemi et al., 2016). Ongoing work on the acoustic

correlates of prominence also shows strong post-focal pitch range compression together with lower

intensity and duration values, especially phrase-finally. However, it is not clear whether these observed

differences in production are used by native speakers to decode information structure.

The present perception experiment will shed light on this question. In a linguistic matching task, 30

speakers of EA judge which of two morpho-syntactically identical, but prosodically different, sentences

(presented auditorily) is the better answer to a question (presented in written form). The stimuli are clear

examples for narrow focus-background vs. topic-comment sentences spoken by four different native

speakers (1m, 3f), taken from the above mentioned production experiment. In total, listeners are asked

to judge 32 different trials. Fig. 1 presents the transcriptions, translations and F0/intensity tracks of

examples of topic-comment (a) and narrow focus-background (b) question and answer stimuli.

According to the results of a pilot study with three participants, listeners only perform at chance level

(52% correct responses). The participants of the pilot report that they perceive clear intonational

differences between the answers, but that both answers fit the question in most cases, the choice being

a matter of taste. These results are in accordance with Gussenhoven’s (2011) view that only categorically

different pitch accent distribution is a reliable cue to information structure. Our findings also emphasize

the necessity of perceptual experiments in prosodic research to evaluate the linguistic status of

systematic differences in production. Although our results suggest that these are not grammatical, in EA,
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the observed phonetic variation is nonetheless meaningful (Gussenhoven, 2004) and important for

speech Technology.

(a) Q: ħali:ma ʕamalit ʔe: ? 

‘What did Halima do?’

(b) Q: mi:n najjim ama:ni ?

Who put Amani to bed?’

A: ħali:ma najjimit ama:ni.

‘Halima put Amani to bed.’

Fig. 1: Examples of the experimental material: a) ħali:ma as topic (given) b) ħali:ma as focus (new).

References

Cangemi, F., El Zarka, D., Wehrle, S., Baumann, S., & Grice, M. (2016). Speaker-specific intonational
marking of narrow focus in Egyptian Arabic. In Proceedings of the 8th Speech Prosody Conference
(pp. 1–5), Boston, MA.

Chafe, W. L. (1994). Discourse, consciousness and time: The flow and displacement of conscious
experience in speaking and writing. Chicago, IL: University of Chicago Press.

Chahal, D., & Hellmuth, S. (2014). The intonation of Lebanese and Egyptian Arabic. In S.-A. Jun (Ed.),
Prosodic typology. The phonology of intonation and phrasing (pp. 365–404). Oxford University
Press.

El Zarka, D. (2017). Arabic Intonation. In Oxford Handbooks Online. DOI:
10.1093/oxfordhb/9780199935345.013.77.

El Zarka, D. & B. Schuppler (2018) “On the interplay of pragmatic and formal factors in the prosodic
realization of themes in Egyptian Arabic”. Grazer Linguistische Studien (Graz Linguistic Studies) 90,
2: 33–106. (DOI:10.25364/04.45:2018.90.2).

El Zarka, D., B. Schuppler & F. Cangemi (submitted) Acoustic cues to topic and narrow focus in Egyptian
Arabic. Submitted to Interspeech 2019.

Fischer, W. & O. Jastrow (1980). Handbuch der Arabischen Dialekte. Wiesbaden: Harrassowitz.

Gussenhoven, C. (2004). The phonology of tone and intonation. Cambridge University Press.

Gussenhoven, Carlos (2011). Sentential prominence in English. In M. van Oostendorp, C.J. Ewen, E. Hume
& K. Rice (Eds.) The Blackwell companion to phonology. 5 vols, (pp. 2780-2806). Malden, MA &
Oxford: Wiley-Blackwell.

Hellmuth, S. (in press). Prosodic Variation. In E. Al-Wer & U. Horesh (Eds), Routledge Handbook of Arabic
Sociolinguistics.

Holes, C. (2004). Modern Arabic. Structures, Functions, and Varieties. Georgetown University Press.

Jun, Sun-Ah (2014). Prosodic Typology II: The Phonology of Intonation and Phrasing. Oxford University
Press.

Krifka, Manfred (2007). Basic notions of information structure. In Caroline Fery & Manfred Krifka (eds.),

Interdisciplinary Studies on Information Structure 6 (pp. 13-56). Potsdam: Universitätsverlag.



-14-

6. Automatic detection of prosodic boundaries

in two varieties of German

Bogdan Ludusan1 & Barbara Schuppler2

1 Bielefeld University, Germany

2 Graz University of Technology, Austria

bogdan.ludusan@uni-bielefeld.de, b.schuppler@tugraz.at

The investigation of pluricentric languages in speech science and technology requires the development of

corpora for the varieties studied. One of the most time-consuming and costly aspects of developing

speech resources is their annotation. For the creation of phonetic annotations, automatic tools have

been based on forced alignment (e.g., Adda- Decker and Snoeren 2011; Kisler et al. 2017; Schuppler et al.

2014). The advantage of such tools is that errors that occur are mostly systematic and can therefore be

taken into account in the analysis. Given the higher complexity of prosodic phenomena, their manual

annotation requires even more annotation time and yields lower inter-labeler agreements than

segmental transcriptions. This paper contributes to the body of work on prosodic annotation tools with a

special focus on developing variant-independent prosodic boundary annotations for German.

Several automatic prosodic annotation tools have already been built and distributed for German (e.g.,

Braunschweiler 2003; Tamburini and Wagner 2007). Here, we focus on prosodic phrasing and, in

particular, on how boundaries may be automatically extracted from the speech signal, without making

use of higher level (syntactic or lexical) information. For this, we employ a previously proposed system

(Ludusan and Dupoux, 2014), which posits prosodic boundaries based on four acoustic cues: (1) duration

of the following pause, (2) duration of the syllable nucleus, (3) the nucleus-onset-to-nucleus-onset

duration and (4) f0 reset. These cues have been shown to mark boundaries and to be employed by

infants in early language acquisition in a wide variety of languages. Based on the values of these cues, it

computes a syllable-based detector function and places prosodic boundaries in correspondence to the

local maxima of this function. The features were normalized between [0, 1] and were given the same

weight in the calculation of the detector function.

We tested this system on read speech from two corpora, the Kiel Corpus of Spoken German (Kohler et al.,

2017), which contains speech from Northern Germany, and the Graz Corpus of Read and Spontaneous

Speech (GRASS; Schuppler et al. 2017), which contains speech from eastern-Austrian speakers. As these

corpora were annotated with different methods (manual phonetic segmentations of the Kiel corpus vs.

semi-automatic segmentations of GRASS) and as we needed comparable input data, we created

segmentations using MAUS (Kisler et al., 2017), for both corpora. On the prosodic level, a subset of

GRASS was manually annotated for prosodic boundaries, using the same criteria as for the Kiel Corpus.

For the present study, we chose the recordings corresponding to the components Nordwind and

Buttergeschichte, which exist in both corpora. This resulted in 220 and 368 sentences (from 19 and 30

speakers) for the GRASS dataset and Kiel corpus, respectively.

We ran the algorithm separately on the sentences belonging to each speaker from the two corpora. This

being a preliminary study, we extracted the duration features from the automatic segmentation, while f0

was extracted using Praat (Boersma, 2001). All phrase-internal prosodic boundaries found by the system

were evaluated against the manual boundaries, by means of precision and recall. In order to observe the
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behaviour of the system on the input data, we varied the threshold used for placing boundaries, deriving

a precision-recall curve. For an easier comparison between the two language varieties, we employed the

area under the precision-recall curve (AUC) as evaluation metric. Averaging across all speakers in a

dataset, we attained an AUC of 0.308 for Kiel and an AUC of 0.236 for GRASS (difference significant at p <

0.05). Since, besides the language variant difference, we also noted important inter-speaker variation

(standard deviations of 0.129 and 0.1, respectively), we will focus next on investigating whether these

four acoustic cues are used in a language variety - versus speaker-specific manner.
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The areas of speech technology that come to mind when considering pluricentric languages are spoken

dialect identification (SDID), speech-to-text (STT) and text-to-speech (TTS). SDID is closely related to

spoken language identification (SLID); the difference lies in the choice of items to identify. Some SLID

systems distinguish “languages” that are merely different varieties of a pluricentric language. While the

kinds of dialects that SDID can distinguish are often national varieties of large pluricentric languages like

Arabic or English, there are also systems that focus on subnational varieties, or second-level

pluricentrism.

A major function of both SLID and SDID is to serve as a front-end that can direct language- or dialect-

identified speech to an appropriate STT engine. In the case of pluricentric languages, or subnational

varieties, the only reason to distinguish them at the SLID/SDID phase is because an STT engine specialized

to that variety exists. It is interesting to compare two major STT vendors, Nuance and Google, who differ

somewhat in whether their system utilizes a single STT engine for all varieties of a pluricentric language

or separate varieties for each. Nuance Recognizer has an engine called Arabic Worldwide covering the

national varieties of Arabic, whereas Google Cloud’s Speech-to-Text API has separate engines for

Egyptian, Jordanian, etc.

The reason for choosing to use a single engine or multiple variety-specific engines is both a business

decision and an empirical one. While variety-specific engines seem to promise more accuracy for the

specific variety, it is sometimes found that pooling the varieties together provides more robust and

versatile recognition. It is rare for commercial vendors to offer SDID or STT for subnational varieties;

despite the fact that this is a popular topic among academic speech researchers. The business case for

offering “Southern American” or “Meridional French” STT is tenuous, coupled with the fact that better

accuracy is often achieved by pooling dialects, as was mentioned for national varieties.

In contrast, TTS is an area where subnational specificity is more common, and this may well be the result

of market forces demanding “local” products and services. Amazon Polly features (plain) British and

Welsh English voices, while CereProc has created voices in Scottish, Received Pronunciation, Northern

English, and West Midlands. This potential divergence between the treatment of pluricentrism by STT

and TTS make sense—better STT accuracy may well be achieved by pooling dialects, whereas when it

comes to what customers actually hear, TTS, there is a desire to accommodate to local preferences.
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Although considered as a resource-rich language, pluricentric English has also several dialectal variations

which are less well resourced; moreover, English is spoken as a second language – officially recognized or

not – in most parts of the world. People living in English speaking countries but not being native English

speakers also form a relevant group in this sense.

Automatic Speech Recognition (ASR) is known to be quite dependent on its environment, i.e. mismatch

between training and inference conditions has negative impact on the performance. This includes

traditional regional dialectal variations and local accents, and also accents resulting from the influence of

another native language than English. In recent years, several techniques have been proposed for ASR to

counteract or make the system adaptable to dialectal variations. In the deep learning era, these involve

mostly approaches such as conservative retraining, transfer learning, multi-task training, matrix

factorization, i-vector based techniques as well as adversarial and teacher-student training.

In the multitude of these techniques, it is hard to decide which approach should be preferred given

specifications for the deployment of ASR in a language environment where English is spoken with some

accent. Different experiments proposing different – sometimes quite complex – solutions, were carried

out on diverse datasets and within various frameworks, which makes a fair comparison difficult.

Interested in handling some major accents for English ASR, our objective is to systematically compare and

analyse a number of domain adaptation techniques for ASR on a common Kaldi-based platform. We are

also looking for some criteria, based on which we can decide which approach to prefer given the system

and environmental specifications. We are especially interested in the impact of the amount of available

target domain data, and taking a closer look at hyperparameters and approaches which control learning

rate and make the adaptation process carefully regularized.

We focus on the Indian dialect of English, which means dominantly English spoken as a second language

by speakers with a native language out of the many languages spoken in India. Although we are aware

that this group is far from homogeneous, but for our experiments this is even preferred. Considering use

cases where non-native English people talk to an ASR in English, we have to face a very similar situation:

we may have a broader information on the speaker`s origin without personalized detailed information

about her/his accent characteristics.

We handle variation within the accent group by adding i-vectors to the neural network input. We

compare retraining, transfer learning and factorization based techniques, and analyse which method

should be preferred based on the amount of available target domain data. Our results contradict state-

of-the-art in terms of the effectiveness of factorization approaches for accent adaptation: even by using

low amount of data, retraining consistently outperforms it. Transfer learning however may benefit from

larger amount of adaptation data over retraining, but not in all cases.
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Regularization is also crucial to avoid overfitting on the low amount of adaptation data. For ASR

adaptation, Kullback-Leibler-regularization is considered to be a state-of-the-art technique. Our

experiments with time delay neural networks trained with the so called chain objective show however,

that easier approaches – interpolation with a cross-entropy based term in the chain objective and

possibly also backstitch – perform equally well in preventing overfitting. Our goal is to give an insight into

this work, and to share and discuss our experiences during the workshop.
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Bengali is a pluricentric language, spoken mainly in Bangladesh and the Indian state of West Bengal.

Bengali is the official language of Bangladesh and is the second most widely spoken of the 22 scheduled

languages of India. A study of the Bengali speech, spoken in these two geographically adjacent areas,

with the objective of developing spoken language systems, is the focus of this study. A multi-speaker

speech database of Bengali sentences read by Bengalis in Bangladesh as well in the West Bengal state

was developed by Google for developing a text-to-speech system. This database is downloadable from

openslr.org by the public for free. We have used this public database to implement two Automatic

Speech Recognition (ASR) systems, corresponding to the two varieties of Bengali. In addition, we also

studied the ability of the machine to distinguish between the two varieties/dialects. We used the publicly

available Kaldi toolkit for implementation of such a dialect identification system. The ASR system models

context independent monophones using hidden Markov models. The recognition accuracy of the dialect

identification system for unseen/test speech data is above 90%. This accuracy figure is higher than our

expectation based on an informal human listening test; native Bengali speakers had difficulty in

distinguishing the two varieties of Bengali.

With a goal of carrying out a 3-fold evaluation of the systems, the speech data of each variety was divided

into 3 representative parts such that the sets of speakers in each part/fold are mutually exclusive. A

Bangladeshi Bengali ASR system was trained with 2⁄3 of the Bangladeshi Bengali speech data by pooling 

data from the first 2 of the 3 parts. The remaining part is designated as test data for evaluation of the

performance of the system with unseen data. A similar ASR system was trained for Indian Bengali speech.

Then, a test speech file was fed to both ASR systems. The Bangladeshi ASR system not only hypothesized

the best word sequence matching the test data but also computed the corresponding log-likelihood, a

measure of the test speech data matching/generated by the Bangladeshi speech model. Similarly, the

Indian Bengali ASR system also computed such a log likelihood for the same speech file. The maximum

likelihood criterion was used for identification of the dialect. The dialect of the test speech was declared

as Bangladeshi if the log likelihood computed by the Bangladeshi Bengali ASR system was higher than

that of the Indian Bengali ASR system. The declared dialect identity was compared with the true dialect

(ground truth) of the test speech to determine the accuracy of the system. This process was repeated for

each and every test speech file of both Bangladeshi and Indian varieties of Bengali. The dialect

identification accuracy of the system was computed by averaging the diagonal values of the confusion

matrix. The details of implementation, as well as an analysis of the 3-fold evaluation of ASR and dialect

identification systems, will be described in the manuscript. In addition, a comparison of the performance

of the dialect identification system with the results of a formal human perceptual experiment will also be

presented.
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Despite advances in technology, language diversity remains a challenge to the speech processing

community, but there is also an opportunity to rise to this challenge through research and innovation.

Pluricentric languages play an important role in such work, particularly where these languages are better

resourced. Dedicated researchers across several decades, have steadily contributed resources for some

language varieties, increasing general availability of a range of data archives. One such archive is the

English dialects IViE corpus (http://www.phon.ox.ac.uk/files/apps/IViE/), which we are using in our

project.

Recent techniques within Machine Learning enable re-purposing models built from larger data

collections, whereby these models can be fine-tuned for smaller data collections. This family of

techniques, that fall under the term "transfer learning," have become central within certain application

areas (e.g. computer vision). However, such techniques have broader application, and their use is

increasing within Natural Language Processing, particularly Speech Processing. Such approaches have the

potential to significantly change work on under-resourced varieties, leveraging already available data for

larger languages, where previously such work might have been prohibitive in both effort and cost.

In this paper, we report on a framework we are developing which brings these two threads together to

support cross-dialectal speech processing, specifically for dialects of English. Our current work focuses on

a major dialect around Liverpool, often referred to as "Scouse"; importantly, this approach is eminently

generalisable, and we have plans to extend it to a range of other dialects throughout the UK. We are

developing solutions for both recognition as well as synthesis of such language varieties.

On the recognition side, we are targeting specific applications, including ASR for phone-in help lines.

Currently, there are systems available which can adapt relatively quickly to a speaker's idiolect, given

several minutes in which the user can use a bespoke system to capture their unique speech patterns.

However, the challenge we are attempting to solve is somewhat different: we would like to solve a"one-

shot" learning scenario, where the task is to recognise a speaker the system has not sampled from

previously. We are trialling this to enable speech capability for a dialogue agent platform we have

developed to handle public enquiries (e.g. front-line receptionist), where a user will call the agent for the

first-time, and the agent is expected to successfully handle the speaker's queries. The ASR component

plays a central role in this challenging and complex task, which draws on a range of solutions, from more

language-based ones (e.g. specialised phrasal dictionaries to cope with lexical variation) as well as

dialogue-based ones (e.g. clarifications for lexical as well as speech level misunderstandings).

On the synthesis side, we are developing an end-to-end solution for speech synthesis. Studies suggest

that agent-based dialogue can be enhanced when agents have the capacity to align with users along

specific linguistic dimensions, such as speech. Further, dialogue involves coordinating understanding and
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production, and this includes speech recognition and synthesis. For these reasons, our approach also

employs an end-to-end speech synthesis system to enable our dialogue agent to align with a speaker

upon detection of a non-standard speech variety. However, inspired by recent work on carrying out one-

shot speaker adaptation, we are currently developing an approach for adapting speech production to a

single, speaker not previously encountered.

Upon acceptance of the paper, we will make our models and speech samples available. Our work

employs the OpenSeq2Seq framework (https://nvidia.github.io/OpenSeq2Seq/).
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ASR is often suggested as the solution to the problem of missing access to the content of audio

recordings. Such recordings are typically archived with appropriate metadata, but without transcripts.

This “transcription bottleneck” is a problem for both research in the humanities, and research in speech

technology that both rely on the availability of transcripts.

The Archive of Spoken German (AGD) is a research data centre with a focus on spoken German in its past

and current state, and its pluricentric characteristics. Extraterritorial varieties (often referred to as

“speech islands”) form a major part of the collection of corpora that are made available to researchers

through the Database of Spoken German (DGD). They mostly stem from research projects that

sometimes had the capacity to transcribe (parts of) the recordings. But a great part of the recordings still

lacks transcripts and therefore access to the content. Our aim is to fill this gap by employing ASR in the

corpus curation process.

In order to break the vicious cycle of the non-availability of transcripts and the non-availability of ASR-

systems trained for specific varieties, we took the first step of applying an ASR-system out-of-the-box (the

Fraunhofer IAIS Audio Mining tool). Our test-case were recordings from a variety of German that is

spoken in the region around Liège (Lüttich) in Belgium (cf. BETV-corpus).

The data are 10 recordings of approx. 1h length each, of TV-debates of 4 to 5 speakers (one of which is

the moderator) that were broadcast in the context of an upcoming regional election in the year 2012.

A first estimate for the recognizer’s word accuracy, based on a manually corrected small sample, yields a

WER of 13% (18% if we do not ignore missing hesitations “äh” or response tokens “mhm”). Two types of

recognition errors seem to be systematically frequent. Of course, there are common OOV errors

concerning e.g. local names (Büllingen, Bütgenbach, Elsenborn, Kaiserbaracke) or current topics of the

discussion (Entschlackung, makabere Unterstellung, Asphaltwerk). A second type of error is caused by

consistent linguistic variation that is typical for that specific region. For example, the word “nur” was

recognized as “noch”. This is due to the regional pronunciation [nuːX] vs. the standard [nuːɐ]. The [X] was 

therefore attributed to another word that contained a [x] following a vowel in the standard variety of

German, in this case the “noch”. Another example is [waXtən] (“warten”) being recognized as “wachten”, 

or [saːən] (“sagen”) being recognized as “sahen”. 

Köhler, Gref and Leh (2017) undertook a promising approach to overcome the gap between data

providers (oral history scholars in this case) and speech technologists, who achieve better recognition

results when working together. Still, remaining errors can be attributed to the regional phenomena

described above, calling for a collaboration between speech scientists and speech technologists.

Another approach, which seems indispensable if the transcribed data should be fed back into the learning

process of an ASR system, is to manually correct the transcripts. Draxler (2019) made an initial attempt to
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create and test editor-environments that allow for correcting ASR-output using OCTRA. We are currently

looking at ways of integrating OCTRA into our own workflows.

For a fruitful future, speech scientists and speech technologists need to talk more with each other as both

require and work with the same data. Our contribution to the workshop is intended as an incentive in this

direction.
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As the official language of the People’s Republic of China, standard Mandarin also called Putonghua, has

a large number of regional varieties. To date, there are few studies on spoken Mandarin from mainland

China and its variations (See Yuan 2015, Cui 2015). In this study, we present observations on

characteristics of pluricentric speech in a large corpus of journalistic Mandarin (LDC corpus from the GALE

program, Strassel 2006), containing mostly standard Mandarin as well as some other varieties found in

the corpus (1000 hours). We also study the mean duration of segments in each word as a function of

word length and the difference of the duration of each segment as a function of its position in the word

while considering different word lengths. Tone frequency differences on accented Mandarin by invited

speakers and standard Mandarin by news presenters are also analyzed in this study.

Data automatically aligned by the system of automatic speech recognition does not provide detailed

information on the identity of all the speakers. Therefore, it is challenging to separate regional variation

from standard Mandarin using identity of speakers. Manual checks of a subset of the audio data suggest

that most of the regional variants in the journalistic corpus concerns invited speakers. In contrast with

professional public speakers such as presenters or journalists, invited speakers almost always exhibit a

regional accent, to a smaller or larger degree originating from the dialect of the region. Invited speakers

from the northern part of China tend to share variations on the prosodic level; invited speakers from the

southern part of China tend to produce utterances with variations on both the prosodic and phonemic

level. Given that almost all invited speakers show tone variants in their speech production, we allowed

variants with different tones for the first and last vowel of each word while carrying out the forced

alignment.

Results of the influence of word length on the mean duration of the segments in each word using forced

alignment without and with optionally allowing multiple tone variants for each vowel (since the corpus

contains mainly standard Mandarin), suggest that the shorter the word length is, the longer the mean

duration of the segments in the word is (i.e. more widespread distribution, see Figure 1). Results on

duration of segments as a function of number of syllables (<= 4 syllables) and syllable position in the word

shows that Mandarin syllables tend to be longer towards the end of the word (Figure 2). Results on

accented versus standard Mandarin show different frequency distribution of tones than those found in

the original dictionary. Our study could help understand duration patterns in Standard Mandarin and

characteristics of different regional varieties of the Mandarin language.
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Fig. 1: Distribution of mean duration of segments in each word.

Fig. 2: Syllable duration as a function of number of syllables

in the word (<= 4 syllables) and syllable position.
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Hindi is a pluricentric language spoken in several countries. Even though the same language is spoken in

different countries, it is influenced by the native language and induces noticeable linguistic differences.

This pluricentricity of the language works both as unifiers and dividers of people. This paper presents

phonological and acoustic-phonetic comparison between Hindi spoken in India (IH) and Hindi spoken in

Nepal (NH), an effort towards the study of nativized varieties in these countries.

Nepali is the most popular language of Nepal. Both Nepali and Hindi use Devanagari script for writing. But

the phonetic units of both the languages differ in number. There are 10 vowels and 41 Consonants in IH,

whereas, Nepali uses 29 consonants, 6 vowels and 10 diphthongs [1]. Hindi fricatives श(/ʃ/ or SX) and ष

(/ʂ/) have only one counterpart स(/s/) in Nepal. Similarly, the borrowed Arabic sounds having nukta such

as ¤ (/q/), ¥ (/x/), « (/z/), 1(/f/) etc used in IH are not included in Nepali. The semivowel व(/w/) and nasal

consonant ण(/ɳ/or NX) in IH are pronounced as ब (/b/) and न(/n/) in NH respectively. To study the

influence of these phonetic differences on the acoustic characteristics of NH, with reference to converge

and diverge with IH, a corpus of 150 carefully created sentences spoken by 10 male and 10 female native

speakers of each of the languages has been recorded in a studio and sampled at 16bit, 16kHz. These were

annotated and processed. Empirical analysis of the vowels highlight that some nasal vowels of Hindi are

spoken as oral vowels by Nepali speakers. The cardinal vowels /i/,/a/and /u/ were selected to study the

their articulatory position in terms of vowel working spaces of IH and NH speakers. First two formants

analyzed from these vowels were plotted in the form of vowel triangles. It was observed that for vowel

/i/ both F1 and F2 are lower for NH as compared to those for IH speakers whereas, for vowels /a/ and /u/

F1 values for NH speakers are large while F2 for two categories is approximately same. Empirically, it has

been observed that nasalization of cardinal /i/ has lower F1for NH speakers, while for F2 the situation is

vice versa. Nasalization of (/a/) gives high F1 & F2 for NH speakers as compared to IH speakers. Nasalized

/u/ has similar F1, F2 for both the language varieties[2]. From vowel triangle it is observed that the vowel

working area of NH speakers was much greater (246975) than that of IH speakers (194180). The larger

vowel spaces make the NH speakers more capable of being apprehended as compared to IH speakers

(Fig-1). The borrowed Arabic sounds are spoken by NH speakers as /k/, /kh/,/dz/,/ph/ etc. And this is due

to the influence of their native tongue. The replacement of distinct sounds of fricatives in IH as single

sound /s/ by NH speakers is reflected in the frequency time analysis (Fig-2) and so is the impact of

nativity on (/w/) and (/ɳ/) of IH (Fig-3). 

Prosodic feature analysis shows that NH speakers speak Hindi slower (approx. 2.26 wps) compared to IH

speakers (approx. 3.30 wps). Pitch variations show similarity in both the speakers. However the decay in

pitch for NH is slower compared to IH.
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Fig. 1: Vowel space NH vs IH

Fig. 2: Analysis of fricative sounds for NH vs IH
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Fig. 3: Impact of nativity on (/ɳ/) of IH 
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Dutch is officially considered a pluricentric language and the recognition of both the Netherlands and

Flanders, the northern region of Belgium, as developing centres played an important role in the funding

of Dutch Flemish language and speech technology infrastructural programmes. The lessons learned from

these initiatives may be useful to other, less-resourced pluricentric languages.

According to the Taalunie, the Dutch language policy organization, Dutch is the official language in the

Netherlands, Flanders, Suriname and in the Caribbean islands Aruba, Curaçao and Sint Maarten

(http://taalunieversum.org/inhoud/general-information-english). While for many years Dutch Dutch was

seen as the standard language in both the Netherlands and Flanders, this situation started to change in

the second half of the 20th century and Belgian Dutch gradually replaced Dutch Dutch as the official

language in Flanders (Lybaert & Dealrue, 2017).

This situation was carefully taken into account when setting up specific programmes funded by the Dutch

and Flemish governments to stimulate the development of language and speech technology resources for

the Dutch language as the Spoken Dutch Corpus (Ostdijk, 2002), the BLARK (Strik et al, 2002) and STEVIN

(Spyns & Odijk). At present both varieties of Dutch can be considered to be well-equipped in terms of

language and speech technology resources, but there are domains in which paucity of resources still

constitutes a problem (Odijk, 2012). This applies in particular to research on Automatic Speech

Recognition (ASR) of pathological speech, child speech, and learner speech, which is still hindered by

scarce in-domain data resources. Collecting representative speech data in these domains is difficult due

to the large variability caused by the nature and severity of the disorders (pathological speech), age (child

speech) and language background (learner speech), respectively. In addition, this is even more

challenging for languages which have fewer resources, fewer speakers, fewer patients and fewer learners

than English, such as a mid-sized language as Dutch.

In this talk I will briefly sketch the situation in the Dutch language area paying attention to the

implications this had for the Dutch-Flemish human language technology stimulation programmes.

Subsequently I will present an example from research in developing ASR of Dutch pathological speech in

which speech data from different varieties of the Dutch language were combined to alleviate the data

scarcity problem. These findings open up new opportunities for developing useful ASR-based applications

for languages that are smaller in size and less resourced than English.
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