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Abstract

Abstract

Automatic speech recognition (ASR) has become one of well-known machine learn-
ing technologies nowadays integrated in various consumer SW products. Although
history of pursuing ASR is spread across many decades, recent improvements have
enabled its potential integration in more critical applications such as air-traffic man-
agement (specifically automatic processing of spoken communication between air-
traffic controllers and pilots). This thesis summarises our contributions towards solv-
ing generic ASR problems and demonstrates the capabilities of recent speech rec-
ognizers on typical applications with a particular focus on analysing air-traffic com-
munication with the aim of supporting humans to be more efficient while reducing
their workload.
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Introduction 1

1 Introduction

Automatic Speech Recognition (ASR) - a sequence to sequence problem — remains a distinct
eld of research in speech and language technology, and builds around various machine learn-
ing algorithms making it a relatively complex task compared to other areas.

This thesis overviews our contributions in the context of automatic speech recognition. More
speci cally, in this thesis we decided to divide our contributions into three areas:

*  Domain transfer learning in ASR (Section 2),
» Boosting contextual information in ASR (Section 3),

* Natural language understanding on automatically generated textual data (Section 4).

The reasons for such a division are as follows: ASR has been among our main interests over
the last two decades. The rst most evident open issues in the area of ASR were related to
its applicability for new domains (environments) or languages. Here, we particularly consider
low-resource scenarios which assume availability of relatively low amounts of development
data. While this scenario may not be of interest for well-resourced (e.g. viable) languages
or environments, there are numerous applications where direct deployment of ASR would fail
(especially due to very low performance). Overview of our contributions in this area is given in
Section 2.

Further, many applications comprising ASR require very accurate performance, either in terms
of overall word error-rates?, or at least when recognising highly informative set of words for
subsequent downstream processes. This problem is speci cally addressed in Section 3 where
we consider boosting contextual information in ASR.

The third area builds on our contributions combining ASR and natural language understanding.
More speci cally, we comment on very recent works where automatically generated textual
outputs (from ASR) are used as direct input for subsequent downstream applications, such
as information (or spoken document) retrieval, or named entity recognition, including boosting
these technologies using apriori known information. Besides above, Section 4 also comments
on our work related to language modeling in ASR (concretely building the language models
using supervised and unsupervised data). We also present our approach on using powerful
recurrent neural networks for a direct decoding in ASR.

This thesis focuses with a large care on Air-Traf c Management (ATM). Recognition and under-
standing of communication between air-traf ¢ controllers and pilots in the eld of ATM has not
been addressed in a sophisticated manner, until recently. We have started to work in this eld

1 https://fen.wikipedia.org/wiki/Word_error_rate
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in 2016. One of the reasons for starting to apply ASR into the ATM domain was due to recent
signi cant improvements in acoustic modeling, thus reaching acceptable ASR accuracies in
new environments even with limited development data. ASR in ATM will be addressed in all
3 areas of this thesis. Our most signi cant papers related to ATM are highlighted in bold in
Table 1.

To address our contributions in those 3 aforementioned areas, we decided to select 12 papers
to be introduced and commented on in this thesis. These 12 papers are attached in Section 5.
Across all the following text, these 12 papers are also aligned with particular sections, and
always highlighted in red. Besides these 12 papers, we also link some subsections with other
potentially interesting papers - highlighted in blue.

Commentary of our works in this thesis does not include recognition/classi cation perfor-
mances achieved in presented contributions. We rather give a high-level introduction to our
works. Details are obviously presented in given papers.

1.1 Note on the author's contribution

We would like to emphasise that the 12 selected papers underlying this thesis (see Section 5
with the attachments) do not directly re ect authors' contribution. We therefore add Figure 1
which gives more details about the contribution of the author of this thesis to those papers.
In fact, Figure 1 presents a super-set of 25 scienti ¢ publications (including those 12 papers).
As there is no agreement on a metric allowing for a qualitative evaluation, the gure describes
the author's contribution to commonly accepted parts of the process of creating a paper in
computer science.

Following Table 1 presents a list of 25 scienti ¢ publications — ranked as the most signi cant
according to the author. 6 papers in bold are related to the application domain of this thesis —
“air-traf c management”. 12 selected papers (underlying this thesis) are highlighted in red.
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Figure1 The author's most signi cant scienti ¢ contributions — 25 publications. Black denotes
an essential contribution, grey denotes an important contribution, white denotes minor or no
contribution, and crosses denote non-applicability. Out of 25 papers, 12 are selected (see
those highlighted in red in Table 1) and commented on in this thesis. These 12 papers are also
attached to this thesis (see Section 5).



4 Introduction
Article | Title Citation
1 A two-step approach to leverage contextual data: speech recognition in air-traf c communica- [Nig+22]
tions, luliia Nigmatulina et al., in: Proceedings of IEEE International Conference on Acoustics,
Speech, and Signal Processing (ICASSP) — to appear, 2022

2 Contextual Semi-Supervised Learning: An Approach To Leverage Air-Surveillance and Untran- [Zul+21]
scribed ATC Data in ASR Systems, Juan Zuluaga-Gomez et al., in: Proceedings of Interspeech,
2021

3 Boosting of contextual information in ASR for air-traf ¢ call-sign recognition, Martin Kocour et [Koc+21b]
al., in: Proceedings of Interspeech, 2021

4 A COMPARISON OF METHODS FOR OOV-WORD RECOGNITION ON A NEW PUBLIC DATASET, | [BMM21]
Rudolf Braun et al., in: Proceedings of IEEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP), Toronto, Ontario, Canada, 2021

5 Multitask adaptation with Lattice-Free MMI for multi-genre speech recognition of low resource languages, | [MMB21]
Srikanth Madikeri et al., in: Proceedings of Interspeech, 2021

6 Speech Activity Detection Based on Multilingual Speech Recognition System, Seyyed Saeed Sarfjoo et | [SMM21]
al., in: Proceedings of Interspeech, 2021

7 Lattice-Free Maximum Mutual Information Training of Multilingual Speech Recognition System, Srikanth | [Mad+20a]
Madikeri et al., in: Proceedings of Interspeech, pages 4746-4750, ISCA, 2020

8 INCREMENTAL SEMI-SUPERVISED LEARNING FOR MULTI-GENRE SPEECH RECOGNITION, Ban- | [Kho+20]
riskhem Khonglah et al., in: Proceedings on IEEE International Conference on Acoustics, Speech and
Signal Processing, 2020

9 Automatic Speech Recognition Benchmark for Air-Traf c Communications, Juan Zuluaga-Gomez [Zul+20b]
et al., in: Proceedings of Interspeech, pages 2297-2301, 2020

10 End-to-End Accented Speech Recognition, Thibault Viglino et al., in: Proceedings of Interspeech, ISCA, | [VMC19]
Graz, Austria, pages 2140-2144, 2019

11 Abstract Text Summarization: A Low Resource Challenge, Shantipriya Parida et al., in: In Proceedings | [PM19]
of the Conference on Empirical Methods in Natural Language Processing (EMNLP 2019), HongKong,
China, pages 5, Association for Computational Linguistics (ACL), 2019

12 Deep Neural Networks for Multiple Speaker Detection and Localization, Weipeng He et al., in: IEEE | [HMO18]
International Conference on Robotics and Automation (ICRA), Brisbane, AUSTRALIA, pages 74-79,
2018

13 Semi-supervised Learning with Semantic Knowledge Extraction for Improved Speech Recogni- [Sri+17]
tion in Air Traf ¢ Control, Ajay Srinivasamurthy et al., in: Proceedings of Interspeech, Stockholm,
Sweden, pages 2406-2410, 2017

14 A Context-Aware Speech recognition and Understanding System for Air Traf ¢ Control Domain, [Oua+17]
Youssef Oualil et al., in: Proceedings of the IEEE Automatic Speech Recognition and Under-
standing Workshop, Okinawa, Japan, 2017

15 Exploiting foreign resources for DNN-based ASR, Petr Matlicek et al., in: EURASIP Journal on Audio, | [Mot+15]
Speech, and Music Processing (2015:17), 2015

16 Multilingual Deep Neural Network based Acoustic Modeling For Rapid Language Adaptation, Ngoc | [Vu+14]
Thang Vu et al., in: Proceedings IEEE International Conference on Acoustics, Speech and Signal Pro-
cessing (ICASSP), Florence, pages 7639-7643, 2014

17 Using out-of-language data to improve an under-resourced speech recognizer, David Imseng et al., in: | [Ims+13b]
Speech Communication, pages 142-151, 2013

18 Impact of deep MLP architecture on different acoustic modeling techniques for under-resourced speech | [Ims+13a]
recognition, David Imseng et al., in: IEEE Workshop on Automatic Speech Recognition and Understand-
ing, pages 332-337, 2013

19 Conversion of Recurrent Neural Network Language Models to Weighted Finite State Transducers for Au- | [LM12]
tomatic Speech Recognition, Gwénolé Lecorvé et al., in: Proceedings of Interspeech, Portland, Oregon,
USA, pages 1666-1669, 2012

20 Comparing different acoustic modeling techniques for multilingual boosting, David Imseng et al., in: | [Ims+12]
Proceedings of Interspeech, Portland, Oregon, 2012

21 Supervised and unsupervised Web-based language model domain adaptation, Gwénolé Lecorvé et al., | [Lec+12]
in: Proceedings of Interspeech, Portland, Oregon, USA, 2012

22 The Kaldi Speech Recognition Toolkit, Daniel Povey et al., in: IEEE Workshop on Automatic Speech | [Pov+11]
Recognition and Understanding, Hawaii, US, 2011

23 English Spoken Term Detection in Multilingual Recordings, Petr Motlicek et al., in: Proceedings of Inter- | [MVG10]
speech, Makuhari, Japan, pages 206-209, 2010

24 IMPROVING ACOUSTIC BASED KEYWORD SPOTTING USING LVCSR LATTICES, Petr Motlicek et | [MVS12]
al., in: Proceedings on IEEE International Conference on Acoustics, Speech and Signal Processing
(ICASSP), Japan, pages 4413-4416, 2012

25 Unsupervised Speech/Non-speech Detection for Automatic Speech Recognition in Meeting Rooms, Hari | [MMGQ7]
Krishna Maganti et al., in: Proceedings on IEEE International Conference on Acoustics, Speech and
Signal Processing (ICASSP), 2007

Table 1 List of 25 scienti ¢ publications — ranked as the most signi cant according to the
author. 6 papers in bold are related to the application domain of this thesis — “air-traf c man-

agement”. 12 papers in red are among those selected and commented in this thesis.
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1.2 Focus and structure of the thesis

In the following sections, we will comment on and discuss in more detail some of the key ideas
carried out by 12 selected papers underlying this thesis.

More particularly, Section 2 presents our achievements in the area of generic ASR with a partic-
ular attention to domain transfer learning. By domain transfer learning, we mean not only a new
environment, but also possibly new language(s). 5 papers were selected to be commented onin
this section. Both acoustic modeling as well as language modeling are targeted here although
larger attention is given to R&D of acoustic models, i.e., dealing with the raw audio waveforms
of human speech and predicting what phoneme each waveform corresponds to, typically at
the character or sub-word level. Section 2 comments on our approaches in cross-lingual and
multi-lingual modeling. It also presents our work in extending well-known sequence discrimina-
tive training for multi-lingual modeling and language transfer. Further, semi-supervised training
for acoustic models is presented with our contributions in this area. We also introduce a self-
supervised acoustic model training — a relatively new approach in ASR. This section eventually
introduces the domain of air-traf c management and brie y overviews our work already done
through various projects in applying ASR in this domain.

Section 3 is devoted to boosting of contextual information in ASR. Progress in contextual boost-
ing — incorporating prior knowledge (e.g., from different modality) — for ASR has found many
applications. First, boosting of out-of-vocabulary words for an arti cially created test set (Com-
monVoice data) is presented. Then, we introduce an approach on spoken-term detection,
allowing to detect a set of words in word recognition output, and boosting them by incorpo-
rating apriori information in form of textual data from corresponding PowerPoint presentations.
Last three sub-sections (particularly Sections 3.4 to 3.6) are devoted to boosting contextual
information in the area of air-traf c management. 4 papers were selected to be commented on
in this section.

Section 4 comments on our past (including very recent) contributions in the domain of natu-
ral and spoken language understanding. First, this section reviews our work in the area of
language modeling, particularly in supervised and unsupervised Language Model (LM) adap-
tation for ASR and conversion of conventional recurrent neural network based LMs to be used
directly in the rst pass of ASR decoders. Further, this section aims to highlight approaches
which require the use of ASR to generate automatic transcripts used in subsequent down-
stream applications such as information retrieval and named entity recognition. 3 papers were
selected to be commented on in this section.

The nal Section 5 lists 12 selected papers underlying this thesis.
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2 Domain transfer learning in ASR

This section summarises our R&D achievements in an area of automatic speech recognition
and deployment of new algorithms for domain and language transfer learning . The presented
work will mainly focus on acoustic modeling for ASR applications, nevertheless, language mod-
eling will also be discussed here. Eventually, this section will also give a brief overview of afore-
mentioned technologies for a particular domain targeted in this thesis — “air-traf c management”
(Section 2.8).

Following 5 papers were selected among others to be summarised/commented and aligned
with other works in this section:

(1) Using out-of-language data to improve an under-resourced speech recognizer,
2013 [Ims+13b],

(2) Impact of deep MLP architecture on different acoustic modeling techniques for

under-resourced speech recognition, 2013 [Ims+13a],

(3) Lattice-Free Maximum Mutual Information Training of multi-lingual Speech Recog-
nition System , 2020 [Mad+20a],

(4)  Multitask adaptation with Lattice-Free MMI for multi-genre speech recognition of low
resource languages, 2021 [MMB21],

(5) Semi-supervised Learning with Semantic Knowledge Extraction for Improved
Speech Recognition in Air Traf ¢ Control, 2017 [Sri+17].

2.1 Introduction

Current Automatic Speech Recognition (ASR) systems are based on statistical parametric
methods. In the 1990s and in the rst decade of the twentieth century, advances in ASR
have been largely driven forward by the US government, speci cally via the National Institute
of Science and Technology (NIST)?. Besides participating on technology evaluations, one of
the main contributions was related to collection of databases (e.g. [Kub+94], [PB92]). First
works were naturally considering English language and a large progress was made to reach
good performance on English related recognition tasks (i.e. read speech). Furthermore, these
improvements were later translated directly to different languages, or domains (e.g. telephone
speech, spontaneous speech, etc.), thanks largely to the robustness of statistical approaches
to the different speci cities of languages or domains.

Current conventional ASR systems are stochastic and their acoustic models (speci cally hybrid
types) still exploit Hidden Markov Models (HMM) in their framework. Most recent algorithms

2 http://www.nist.gov/index.html
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are built around deep neural learning as generative or discriminative modeling approaches.
Figure 2 illustrates a typical HMM-based ASR system for the English language. The principal
components of the HMM-based ASR system are as follows:

»  Feature extraction: converting the speech sequence into a stream of feature observa-
tions/vectors. Feature extraction is typically considered a language-independent pro-
cess. Among typical features, Mel-Frequency Cepstral Coef cients (MFCCs) [DM80]
are still often used, composed of static coef cients and their approximate rst order
and second order time derivatives.

» Acoustic Model (AM): it models the relation between the speech feature vector(s) and
units of spoken form (sound units, such as phones or directly graphemes). Develop-
ment and various versions of AM will be particularly considered in this section with a

focus on domain and language transfer.

» Lexicon: although in case of very recent end-to-end ASR approaches it is often un-
necessary, lexicon (or dictionary) still plays an important role to integrate lexical con-
straints on top of spoken unit level representation yielding a unit representation that is
typically common to both spoken form and written form such as, word or morpheme.

* Language Model (LM): LM represents syntactical/grammatical constraints of the spo-
ken language. Often, it is modeled using statistical models such as n-grams, or more
recently using deep neural network architectures (e.g., recurrent neural networks).

Figure 2 lllustration of a typical HMM-based ASR system (source: [Bou+11]).
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2.2 Acoustic modeling

This section will review and discuss approaches applied for the development of the acoustic
models for ASR. Speci cally this section will describe (i) technologies to build both genera-
tive and discriminative acoustic models, (ii) approaches allowing to perform language and/or
domain transfer learning (i.e., adaptation), (iii) approaches aimed to signi cantly increase ro-
bustness of the ASR models by applying sequence-discriminative training, and (iv) training
procedures which allow us to employ both transcribed as well as untranscribed speech corpora
for supervised and semi-supervised training.

221 Generative models

HMM/GMMs

Past acoustic models also applied in many production ASR systems were largely built around
Gaussian Mixture Models (GMMs) (i.e., generative models) to model the speech feature obser-
vations in HMM/GMM architectures [Rab89] (see Figure 3). Speci cally, this type of AM aimed
to represent distributions of (usually tied) Hidden Markov Model (HMM) states using a relatively
large number of parameters completely de ning a GMM. This approach was also considered in
the recent past as state-of-the-art in acoustic modeling especially for Large Vocabulary Contin-
uous Speech Recognition (LVCSR). The main advantage of the HMM/GMM compared to other
acoustic modeling techniques (see later those employing neural networks) was its feasibility for
parallel training (i.e., it can easily accommodate large amounts of training data which is usu-
ally available for well-resourced languages) and possibility to combine standard adaptation and
discriminative training techniques.

Figure 3 HMM/GMM acoustic model.
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HMM/SGMMs

Although HMM/GMMs were a mainstream in AM, such the framework was not found appropri-
ate for domain transfer (i.e., their adaptation to for instance low-resourced scenarios where the
model is supposed to perform well also in case of relatively small amounts of training data).
An interesting approach to overcome problems with requirements of large amounts of training
data was presented by SGMMs - a new acoustic modeling scheme based on Sub-space Gaus-
sian Mixture Model (SGMM), proposed in [Pov+10] (see Figure 4). SGMMs demonstrated their
large potential to bene t from available data from well-resourced domains to improve recogni-
tion performance of the target domain.

Figure 4 SGMM acoustic model (source: [Ims+13b]).

This characteristic was also shown for language transfer [Bur+10]. Compared to other (multi-
lingual) techniques, such as traditional ones exploiting universal phone models to allow for
training acoustic models from many languages [Lin+09], SGMM (as well as other models men-
tioned later such as KL-HMM and multi-lingual Tandem) can utilize a target phone set thus rep-
resenting much simpler procedure. An example of application of SGMMs for language transfer
learning is given in Section 2.4.1.
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2.2.2  Hybrid models

Hybrid models for acoustic modeling in ASR were also proposed in 90's. They typically exploit
an HMM framework, but the modeling of feature observations is done using arti cial neural
networks which are usually trained to estimate phone (or any other sound units) posteriors
while also including a temporal context.

HMM/ANNs

Competitive acoustic modeling technologies to the generative HMM/GMMs consider Arti cial
Neural Networks (ANNS), allowing to discriminatively train the acoustic classi er. First ANN
models employed Multi-Layer Perceptrons (MLPs) [BM94], also combined with Markov chains,
referred to as hybrid HMM/ANNs. HMM/ANN were usually trained to estimate sound-unit
(phone) posteriors based on the input speech features. Eventually, these posteriors estimated
by ANNSs are then transformed to scaled likelihoods and used directly as output probabilities in
the HMM topology (i.e. replacing likelihoods estimated by GMMs in HMM/GMMSs).

Tandem

Among interesting approaches exploiting disriminatively trained acoustic classi ers were “Tan-
dem” models (see Figure 5). Such an acoustic model combined spectral features (MFCCs) with
another set of features derived from phone-classi cation MLPs. Rather than interpreting the
outputs as phone posteriors, they were subject to a logarithm transformation and dimension-
ality reduction, and (used in a combination with MFCCs) as nal input features in HMM/GMM
architecture [HESO00].

HMM/DNNs

Most recent hybrid AM approaches applied for automatic speech recognition use modern Deep
Neural Networks (DNNs) and allow to exploit large temporal contexts (e.g., in the form of time-
delay neural architectures). Similar to HMM/ANN, these hybrid HMM/DNN systems use the
DNNs to estimate posterior probabilities of usually context-dependent HMM states (see Fig-
ure 6).

KL-HMMs

As illustrated in Figure 7, KL-HMM is a particular form of HMM in which the emission proba-
bilities are parametrized by a categorical distribution, i.e., a multinomial distribution from which
only one sample is drawn. In contrast to Tandem that uses Gaussian mixtures and therefore
needs the post-processed features, the categorical distributions can directly be trained from
phone class posterior probabilities (e.g. by ANNs or DNNSs).
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Figure 5 Tandem acoustic model.

More particularly, a term of discrimination information is nowadays referred to as the Kull-
back—Leibler (KL) distance (or divergence as it is not a metric), de ned by [KL51]. In [ABMO08],
authors proposed multiple KL divergence based local scores for KL-HMM training and decod-
ing. In other studies, the symmetric variant of the KL divergence was used. However, recently
it was found that the asymmetric KL divergence gives better performance and increases the
robustness of ASR systems. This is also intuitively reasonable in that the underlying acous-
tic modeling problem is not symmetric since we observe the posterior features and train the
categorical distributions.
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Figure 6 HMM/DNN acoustic model.

Figure 7 KL-HMM acoustic model.
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2.3 Language modeling

Apart from acoustic modeling, language models are also among important building modules
of ASR systems. In this section, we will rst give a brief introduction to language modeling
technology.. Second, as presented in Section 2.4.3, the language models also offer a transfer
learning capability (e.g., for a new domain), similar to acoustic models. As part of Section 4
related to natural language understanding, we will present our work on language model adapta-
tion (as supervised and unsupervised approach),as well as the work on using recurrent neural
network based LMs in ASR.

In addition to automatic speech recognition, LMs are widely used in many other elds of natural
language processing. The principal objective of LMs is to assign a probability to an utterance,
e.g. a sentence, estimating how likely it is to observe this utterance in the language. As such,
the LM performance has a signi cant impact on the performance of the ASR. In case of ASR,
the most commonly used approach is the n-gram — a purely statistical approach to estimate
probabilities for new utterances by collecting statistics from a training text corpus. If we consider
the same language, using a larger text corpus or increasing the model order typically improves
LM performance, but also increases its size. N-gram makes a Markov assumption, i.e., the
probability of observing a speci ¢ word in a sentence only depends on the last n 1 observed
words. In earlier times, mostly bi-gram models (n = 2) have been used, whereas nowadays lan-
guage model orders of n = 3 (tri-grams), n = 4 or even n =5 are common [Man11]. Although
the simplicity of an n-gram language model obviously cannot possibly convey the complexity
of real natural language and research into more complex LM types has been conducted for
decades [Jel91], n-gram LMs persist as a very popular type of language model used.

In case of n-grams, one of the most typical problems is a balance weight between infrequent
grams (for example, if a proper name appeared in the training data) and frequent grams. Also,
entities not seen in the training data will be given a probability of 0.0 without “smoothing”
method. This method is therefore necessary to smooth the probability distributions by also
assigning non-zero probabilities to unseen words or n-grams. Kneser—Ney smoothing [NEK94]
is considered among the most effective methods, primarily used to calculate the probability
distribution of n-grams in a document based on their histories.

Advanced LMs

(Paper also for consideration in this section: The Kaldi Speech Recognition Toolkit, Daniel
Povey, Arnab Ghoshal, Gilles Boulianne, Lukas Burget, Ondrej Glembek, Nagendra Goel,
Mirko Hannemann, Petr Motlicek, Yanmin Qian, Petr Schwarz, Jan Silovsky, Georg Stemmer
and Karel Vesely, in: IEEE 2011 Workshop on Automatic Speech Recognition and Understand-
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ing, Hilton Waikoloa Village, Big Island, Hawaii, US, IEEE Signal Processing Society, 2011
[Pov+11])

(Paper also for consideration in this section: STACKED NEURAL NETWORKS WITH PA-
RAMETER SHARING FOR MULTILINGUAL LANGUAGE MODELING, Banriskhem Khonglah,
Srikanth Madikeri, Navid Rekabsaz, Nikolaos Pappas, Petr Motlicek and Hervé Bourlard, Idiap-
RR-12-2019 [Kho+19])

Conventional ASR development tools (such as Kaldi [Pov+11]) use FST-based frameworks
which in principle allow to deploy any language model that can be represented as a Finite State
Transducer (FST)3. Neural based LMs (most typically Recurrent Neural Networks(RNNS)) are
often used to re-score top ranked hypotheses obtained using conventional back-off n-gram LMs.
Alternatively, the lattices generated with n-gram LMs may be directly re-scored. Recently, a LM
based on Time Delay Neural Network (TDNN) architecture, in which the convolution is applied
with respect to only the past time steps to avoid any leakage from the future time steps, was
proposed. TDNN based LMs were shown to have lower perplexity than RNN LMs [Kho+19].
RNNSs are also further analysed in Section 4.3, to be used for a direct decoding (i.e., replacing
a two-pass ASR where RNNs are used to re-score word recognition hypotheses).

2.4 Domain and language transfer learning for acoustic and language modeling

In this section, we will review algorithms used for both domain and language transfer applied in
ASR. The focus will mainly be on transfer learning capabilities of acoustic models, nevertheless,
a short section will also be devoted to typical approaches applied for LM transfer learning.

By transfer learning, we principally mean the model's ability to adapt to a new domain or lan-
guage. There are several needs for this type of approaches:

» Adaptation to low resource languages: Many languages in the world can be con-
sidered as low-resourced, i.e., there are not suf ciently large corpora available for
developing robust and accurate acoustic or language models for a given language.
The same may apply for different accents (e.g. French English or German English),
or dialects (e.g. Swiss German).

e Adaptation to challenging domains: Even in case of developing the ASR for viable
languages, there are typical problems with robustness of the ASR systems for speci ¢
domains. Among many examples, we can consider analysis of multi-party interactions
(e.g. remote meetings), or, as it will be particularly addressed here, recognition of air-
traf c communication, where there are not many data resources available to develop

suf ciently robust systems.

3 https://en.wikipedia.org/wiki/Finite-state_transducer



Domain transfer learning in ASR 15

This section will review our past works related to both aforementioned problems.

2.4.1  Cross-lingual acoustic modeling

(Relevant paper: Using out-of-language data to improve an under-resourced speech recog-
nizer, David Imseng, Petr Motlicek, Hervé Bourlard and Philip N. Garner, in: Speech Commu-
nication, 2013 [Ims+13b])

(Paper also for consideration in this section: Exploiting foreign resources for DNN-based ASR,
Petr Motlicek, David Imseng, Blaise Potard, Philip N. Garner and Ivan Himawan, in: EURASIP
Journal on Audio, Speech, and Music Processing(2015:17), 2015 [Mot+15])

(Paper also for consideration in this section: Multilingual Deep Neural Network based Acoustic
Modeling For Rapid Language Adaptation, Ngoc Thang Vu, David Imseng, Daniel Povey, Petr
Motlicek, Tanja Schultz and Hervé Bourlard, in: Proceedings IEEE International Conference on
Acoustics, Speech and Signal Processing, Florence, pages 7639-7643, IEEE, 2014 [Vu+14])

One of the important tasks in ASR is to address cross-language transfer, speci cally for lan-
guages with low data resources. In a practical case this means the models developed for well-
resourced language (e.g., Dutch) can be adapted (or ne-tuned) in a cross-lingual manner to
the target language (e.g., Afrikaans) as considered in our paper [Ims+13b]). More particularly,
this paper from 2012 considered a scenario where out-of-language data (i.e., audio data avail-
able from another language, different to the target language) can boost the ASR performance
of the within language having only limited amounts of data for training/development. The study
investigated both the generative (HMM/GMM) and discriminative (HMM/ANN) acoustic models
and their extended versions for cross-lingual transfer.

Cross-lingual Tandem and KL-HMMs

The MLP for acoustic modeling is typically trained to estimate phone class posterior probabili-
ties given the speech feature vectors. For the domain or language transfer, the model is usually
built on a large set of out-of-domain data (or language) and thus called an “auxiliary” MLP. The
approaches which exploit MLP to generate posterior probabilities are denoted as feature-level
based approaches, in this section further used for model adaptation.

More speci cally, once the MLP is trained: (i) we consider a sequence of T acoustic feature
vectors X = Xi;::; X7, namely Perceptual Linear prediction (PLP) speech features [Her89],
extracted from within-language data, and (ii) the phone class posterior sequence Z = z1;:::; 2T
is then estimated with the previously trained auxiliary MLP. To estimate z; = (zt;:::;zK) T, we
consider also a temporal context of x; features. Further, two modeling approaches were used
to model the class posterior sequence [Ims+13b]:
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Tandem: as already shown in Figure 5, it uses GMMs for estimating emission proba-
bilities of HMMs [HESO0OQ] (i.e., HMM states ¢ (where ¢f : d 2 1;:::;; D) are associated
with the target language (D is equal to total number of HMM states in the model)). To
model the emission probabilities with Gaussians, the posterior features z; are usually
post-processed (decorrelated with a principal component analysis (PCA)). The trans-
formation matrix can be estimated on within-language data. Usually, the resulting
feature vector ry = (r¢;:;rb)T has a reduced dimensionality L. The approach is in
details visualised in Figure 8.

Figure 8 Tandem - the emission probabilities of the HMM states are modeled with Gaussian
mixtures and the MLP output is postprocessed (source: [Ims+13b]).

KL-HMM: as described in Section 2.2.2, KL-HMM is a particular form of HMM in
which the emission probability of state qf is parametrized by a categorical distribution
ya = (y5 i y8)T, where K is the dimensionality of the features. Unlike Tandem that
uses GMM (with the post-processed features ry), the categorical distributions can
directly be trained from z;. For acoustic modeling of ASR, [AVBO07] proposed multiple
KL divergence based local scores for KL-HMM training and decoding. KL-HMM is
visualised in Figure 9.
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Figure 9 KL-HMM - the emission probabilities are modeled with categorical distributions and
the MLP output can directly be used (source: [Ims+13b]).

Cross-lingual SGMMs

A complementary approach to the feature-level adaptation is the model-level adaptation allow-
ing to exploit out-of-language data directly on the acoustic model level to perform cross-lingual
transfer and eventually improve ASR performance on target language. In our past work, we
speci cally experimented with Subspace GMMs (i.e., HMM/SGMMSs), already introduced in
Section 2.2.1. Similar to feature level, HMM state distributions associated with the target lan-
guage are estimated. The transition probabilities are xed and the emission probabilities are
modeled using probability density function in an SGMM manner.

Mathematically, the SGMM model is described in [Pov+10], where the emission probabilities of
each context-dependent HMM-state ¢f are modeled by GMM. Each HMM-state is parametrized
by a vector vy. The parameters M and W are globally shared and are used to derive the means
and mixture weights representing the given HMM state. Graphical interpretation of SGMMs as
an acoustic model was given in Figure 4.

The results presented in [Ims+13b] have shown that out-of-language data (in this experiment
Dutch speech) can signi cantly improve speech recognition on Afrikaans (i.e., target language
represented by only a small data set).
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Cross-lingual DNNs

More recent approach published in 2015 [Mot+15], which is already using modern Deep Neural
Networks (DNN) as an acoustic model employed in HMM framework, performs a cross-lingual
transfer through a condition-speci c layer. The idea is similar to multi-lingual DNN approaches
(see Section 2.4.2) in which hidden layers of DNNs are shared across multiple (auxiliary) lan-
guages while the output layers are made language-speci c. The adaptation procedure is graph-
ically visualised in Figure 10. Starting with a DNN model trained using out-of-language data
(in this case French ESTER database), the output layer is replaced by a new layer in which we
randomly initialise the W | which is the matrix of connection weights between the layer L 1 and
the output layer L. The network is then retrained using in-language data (in this case French
MP-FR database) which most closely matches the evaluation set.

Figure 10 Cross-lingual adaptation in DNN (source: [Mot+15]).

Previous cross-lingual adaptation algorithms have considered, although different languages or
dialects, the same phone sets shared across them. In case the phone sets are largely dis-
similar, other alternative approaches in cross-lingual (or multi-lingual) transfer learning need
to be considered, such as: (i) use of merged universal phoneset based on the International
Phonetic Alphabet (IPA) chart?*, i.e. the same IPA symbols are merged across languages, or (ii)
a universal phoneset without merging strategy. Our work presented in [Vu+14] (on ten differ-
ent languages from the Globalphone database) investigated the effect of IPA based phoneme
merging on the multi-lingual DNN and its application to new languages.

2.4.2  Multi-lingual acoustic modeling

(Relevant paper: Impact of deep MLP architecture on different acoustic modeling techniques
for under-resourced speech recognition, David Imseng, Petr Motlicek, Philip N. Garner and
Hervé Bourlard, in: Proceedings of the IEEE workshop on Automatic Speech Recognition and
Understanding, 2013 [Ims+13a])

4 https://en.wikipedia.org/wiki/International_Phonetic_Alphabet
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Multi-lingual acoustic modelling shares the acoustic data across multiple languages to cover as
much as possible the contextual variations of the considered languages. Unlike cross-lingual
acoustic modeling (in details presented in Section 2.4.1) which envisaged a language trans-
fer from one (source) to another (target) language, multi-lingual approaches consider multiple
source languages during the development.

In our preliminary experiments [Ims+13a], we used a simplistic approach where data from
several languages are joined (shared) for training the acoustic model. One way to achieve
such data sharing is to de ne a common phonetic alphabet across all languages. As already
presented above, this common phone set can be either derived in a data-driven way, or obtained
from the IPA.

Multi-lingual Tandem, KL-HMMs and SGMMs

An extension of previous cross-lingual AM approaches (Tandem, KL-HMMs and SGMMs) as-
sumed a common phone set (i.e., the set is similar for both languages) thus allowing to train
an MLP jointly using both languages (Dutch and Afrikaans in that case). Unlike a cross-lingual
approach described in Section 2.4.1 where the MLP was trained only using out-of-language
data, this system uses both out-of-domain and in-domain data for MLP training.

Multi-task adaptation

Multi-task learning (adaptation) has led to successes in many applications of machine learn-
ing [Rud17], including automatic speech recognition [DHK13]. In case of multi-lingual AM train-
ing, it is among the most powerful approaches especially for low-resourced languages.

ASR for low-resource languages is often developed by adapting a pre-trained model to a tar-
get language. Similarly to previous approaches, this type of adaptation uses auxiliary speech
data from other languages in addition to the target-language data. However unlike previous
case where the speci c layers in the DNN were adapted using in-language data (also called
“single-task adaptation”), “multi-task adaptation” employs a similar strategy by adapting to the
multiple languages at the same time (despite our interest being in target language). Multi-task
adaptation has several rigorously proven advantages. Two important advantages that are often
considered in AM training are (i) implicit data augmentation and (ii) ability to reduce the risk
of over- tting. Figure 11 illustrates the difference between single-task and multi-task training.
Well documented set of experiments comparing multi-lingual approaches (such as using IPA or
multi-task adaptation) while using deep neural nets was performed in [TGB17].
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Figure 11 Single-task and multi-task adaptation for acoustic modeling (source: [MMB21]).

2.4.3 Domain adaptation and multi-lingual training of LMs

LM domain adaptation

Although only brie y discussed here, language model adaptation plays an important role (and
complements with a signi cant boost of performance an acoustic model adaptation) when
transferring ASR systems to be deployed for new (unseen) domains. As already mentioned
for acoustic modeling, there are applications where the speci ¢ domain of data needs to be
improved for successful application of ASR. One such application was in the MATERIAL pro-
gramme®. In MATERIAL, targeted by both BUT® and Idiap’, the ASR for low-resource lan-
guages was researched for document retrieval and summarization purposes.

Linear combination —  One of relatively simple but still preferable approaches, successfully
deployed in production ASRs (not only in domains with limited amount of in-domain training
data such as MATERIAL), relies on model combinations [Hsu07]. In the case of LM, these
approaches include improving the estimation of the underlying probability distributions. While
many of these approaches involve the combination of multiple n-gram LMs, most existing works
only evaluate their performance using simple linear interpolation [Jel80].

From a practical point of view, linear interpolation rst trains individual n-gram LMs separately
for each training corpus (e.g., from out-of-domain and in-domain text). Given the resulting set of
n-gram LMs, it computes the weighted average of the component model probabilities, while the
interpolation weight is typically tuned to optimize the development set perplexity. To increase
its ef ciency, an approximation is often applied on the nal interpolated model that constructs a

single n-gram back-off model where the probability for all observed n-grams is represented by
the weighted average of the component model probabilities [Sto02].

https://www.iarpa.gov/index.php/research-programs/material
https://www. t.vut.cz/research/project/1140/.en
https://www.idiap.ch/en/scienti c-research/projects/SARAL

6
7



Domain transfer learning in ASR 21

Neural networks —  Successful approaches for domain transfer often consider Neural Net-
works (NNs). NN-based LMs are widely used for re-scoring the N-best list of word recognition
hypotheses obtained from the decoding based on n-grams [Mik+10]. This is usually called the
second pass decoding. There were also attempts to use the neural networks for rst pass
decoding (which will be discussed later in Section 4.3).

Multi-lingual LM

For many domains such as conversational speech, there is less availability of data, thus in-
language domain adaptation usually does not provide suf cient performance (e.g., also pointed
out by many works from MATERIAL programme). For such domains, multi-lingual NNLMs
sharing parameters across multiple languages may be of large interest. These models aim to
address these data sparsity issues [Rag+16].

One of our past work proposed multi-lingual architecture consisting of a stacked NN model,
where the rst layer is language-speci ¢ and the second one is shared across multiple lan-
guages. In addition, and in contrast to [Rag+16], every language has a separate input and
output layer and hence a separate loss function. The overall loss in our proposed approach
was the weighted sum of per-language loss values, used to optimize the whole network through
back-propagation [Kho+19].

2.5 Sequence discriminative training for AM

Signi cant improvements in acoustic modeling have also been obtained by exploiting
sequence-discriminative training approaches, rst applied on generative HMM/GMM model-
ing [Bah+86] [Pov+08].

Typical objective function for estimating the model parameters in HMM based speech recogni-
tion systems is Maximum Likelihood Estimation (MLE). If we assumed that the speech matched
the statistics expected by an HMM and we had access to an in nite training set, the global
maximum likelihood estimate would be optimal in the sense that it is unbiased with minimum
variance [WPO00]. However, this is usually not the case. It has been shown that alternative
discriminative training schemes such as the most popular Maximum Mutual Information MMI
estimation provide generally better ASR performance.

For applying MMI training for acoustic model in ASR, typical approach is that the derivatives of
MMI objective function are computed from two sets of posterior quantities: (i) for the numerator
graph, speci c to each utterance related to the alignment (i.e. with text transcript) and (ii) for
the denominator graph, which represents all possible word sequences and which is the same
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for all utterances. In Kaldi ASR framework [Pov+11], the Finite State Acceptor (FSA) format is
used to store both of them (with labels on arcs, not states).

The theory for sequence-discriminative training of neural networks was also developed quite
early in 90's [BD91], where the posterior probabilities are same as the numerator and denom-
inator occupancies used in discriminative training of HMM/GMM systems. Later, it was also
pointed out that sequence-discriminative training of NNs can take advantage of the lattice-
based computations that were routinely used for HMM/GMM systems. Very recently, the
Lattice-Free Maximum Mutual Information (LF-MMI) framework has shown to have superior
performance compared to the conventional Cross-Entropy (CE) training of DNNs [Had+18].
Similar to HMM/GMMs, the MMI cost function uses the numerator graph modelling the ob-
served speech feature sequence based on ground-truth transcript and the denominator graph
computing the probability over all possible sequences. The latter enforces the discriminative
property in the training shown to be useful for AM development.

2.5.1 Extension to multi-lingual acoustic modeling

(Relevant paper: Lattice-Free Maximum Mutual Information Training of Multilingual Speech
Recognition System, Srikanth Madikeri, Banriskhem Khonglah, Sibo Tong, Petr Motlicek, Hervé
Bourlard and Daniel Povey, in: Proceedings of Interspeech, pages 4746-4750, ISCA, 2020
[Mad+20a])

(Relevant paper: Multitask adaptation with Lattice-Free MMI for multi-genre speech recognition
of low resource languages, Srikanth Madikeri, Petr Motlicek and Hervé Bourlard, in: Proceed-
ings of Interspeech, 2021 [MMB21])

Combination of multi-lingual modeling and sequence-discriminative training is nowadays con-
sidered as state-of-the-art framework to train large-scale hybrid acoustic models. As already
mentioned in Section 2.4.2, in case of single-task approach, the multi-lingual resources are
combined by merging the phoneme sets from all languages either using a universal phone
set such as IPA, or by combining acoustic units (phones) across languages. If sequence-
discriminative training is applied in any of these cases, a universal denominator graph is shared
across all languages during training, as shown also for LF-MMI for instance by [TGB19]. How-
ever, when combining acoustic units for multi-lingual training in single-task approach, the output
NN layer size increases rapidly with number of languages, which may become impractical dur-
ing decoding. Alternately, multi-task training (already presented in Section 2.4.2) solves this
issue by separating the output layers of languages so that during decoding only the output rel-
evant to the language is used. An added advantage during training is that the cost function can
be computed faster as its complexity depends on the number of states in the denominator.
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In single-task case when implemented for LF-MMI multi-lingual AM, the con guration provides
a choice of using language-specic (i.e. trained with data from all languages), or language-
independent denominator (i.e., trained with data from only one language, which is equivalent
to training mono-lingual AMs). When using language-speci ¢ denominators, the cost function
changes: each denominator graph is built from the language-speci ¢ phone language model
(the same as that used in mono-lingual LF-MMI training). Gradients for language-dependent
layers are computed and updated for each minibatch. Using back-propagation, the shared
parameters are then updated. The overall cost-function is the weighted sum of all language-
dependent cost-functions.

In multi-task case, the language-independent denominator is applicable only. The work
was proposed in [Mad+20a] and the code implementation was made available as a part of
Kaldi [Pov+11]8.

2.5.2  Extension to multi-lingual acoustic modeling and language transfer

Figure 12 LF-MMI training for multi-lingual acoustic modeling (source: [Mad+20a]).

In addition to multi-lingual training, we also recently presented a work on (multi-task) language
transfer [MMB21] while employing sequence discriminative training. The reason for combin-
ing both multi-task and sequence discriminative training approaches is that when adapting
pre-trained acoustic models to low-resource languages, it can be observed that despite heavy
regularization (e.g., high dropout rates), the model performance usually saturates. To avoid
such saturation, the regularization is often used, which in this case is done by presenting other
languages for training (see Figure 11). The work was performed as part of MATERIAL pro-

8 egs/babel multilang/s5d/local/chain2/run tdnn.sh
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gramme thus many languages were considered assuming relatively small development data is
available. The multi-lingual model in this work [MMB21] was developed on 18 languages with
LF-MMI criterion. For multi-task training, Kazakh, Pashto and Farsi languages were used. The
rst two languages were also part of the 18 languages used for multi-lingual training while Farsi
was an unseen language. The work also applied single-task training for comparison.

Eventually, the multi-task adaptation code was released® as part of the Babel multi-lingual
recipe in Pkwrap [Mad+20b] to adapt both Kaldi and Pytorch [Pas+19] acoustic models trained
with LF-MMIL.

2.6 Semi-supervised training

In order to reach suf cient accuracy, the state-of-the-art ASR systems require large datasets for
the development. The typical supervised training requires speech recordings with manual tran-
scripts together with a collection of linguistic data resources for lexicon and language model-
ing. However, the data preparation can be very slow and costly. To avoid this, semi-supervised
training can be of interest, as it can signi cantly reduce the data preparation time and cost by
transcribing only a subset of the data while the rest of data is transcribed automatically. One of
the works, also implemented as part of Kaldi, was developed at BUT [VHB13].

In our work, we mostly used methodology in which the transcribed data are used to build a seed
model. The seed model is then used to decode untranscribed data and the resulting hypotheses
represent ground-truth transcripts in further training. Typically, the data are selected according
to some form of a con dence measure.

2.6.1 Data selection

(Relevant paper: Semi-supervised Learning with Semantic Knowledge Extraction for Improved
Speech Recognition in Air Traf ¢ Control, Ajay Srinivasamurthy, Petr Motlicek, lvan Himawan,
Gyorgy Szaszak, Youssef Oualil and Hartmut Helmke, in: Proceedings of Interspeech, 2017,
Stockholm, Sweden, pages 2406-2410 [Sri+17])

(Paper also for consideration in this section: Contextual Semi-Supervised Learning: An Ap-
proach To Leverage Air-Surveillance and Untranscribed ATC Data in ASR Systems, Juan
Zuluaga-Gomez, luliia Nigmatulina, Amrutha Prasad, Petr Motlicek, Karel Vesely, Martin Ko-
cour and Igor Szoke, in: Proceedings of Interspeech, 2021 [Zul+21])

The automatically generated transcripts (along with transcribed speech) can be used as train-
ing data. However, these automatic transcripts will most probably be erroneous and those

o https://github.com/idiap/pkwrap/tree/master/egs/multilang/babel/
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with most signi cant errors should be excluded from training, which is a problem often termed
as “data selection”. Typically, data selection is done by assigning con dence scores to ASR
outputs, so that high con dence transcripts (and corresponding utterances) can be selected
for further training. In our past work, we explored two different data selection strategies: (i)
word level con dences and (i) concept and command level con dences (as part of the work on

analysing air-traf c communication). Both data selection methods aim to utilize automatically
transcribed data to provide additional training resources [Sri+17].

2.6.2  Semi-supervised training using LF-MMI

A simple approach to semi-supervised training in the LF-MMI framework (see Section 2.5 for
more details about the framework) is to generate 1-best output as transcription for the unla-
belled data. Also posteriors in the 1-best path can be used in the lattices generated during de-
coding as frame weights. The 1-best path is used as a numerator graph during semi-supervised
training, where the supervised and unsupervised data are combined together. The con dence
scores obtained from the LF-MMI system are often sparse thus to get informative measures for
data selection or weighting, some post-processing needs to be applied.

Figure 13 Incremental approach for semi-supervised training. Modell00 means acoustic
model developed using 100 hours of untranscribed data, etc.

2.6.3  Incremental semi-supervised training

(Relevant paper: INCREMENTAL SEMI-SUPERVISED LEARNING FOR MULTI-GENRE
SPEECH RECOGNITION, Banriskhem Khonglah, Srikanth Madikeri, Subhadeep Dey, Hervé
Bourlard, Petr Motlicek and Jayadev Billa, in: IEEE International Conference on Acoustics,
Speech and Signal Processing (ICASSP), 2020 [Kho+20])

In order to improve the quality of transcriptions produced for the untranscribed data, recently we
proposed a simple method to generate and update labels without any change to the core semi-
supervised training framework being employed. The work was motivated based on the obser-
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vation that semi-supervised training can improve the acoustic model even with limited amounts
of untranscribed data. As seen in Figure 13, our approach divides the entire untranscribed
dataset into several equalsized parts (i.e., per 100 hours) and starts the semi-supervised train-
ing with only one part. While there exist many ways to divide the data, in this work we have
considered closely matching the amount of supervised data to our split-size.

Enumerating each split from 1:::n, we run n training iterations. In the i-th iteration, splits 1.::i are
used as the untranscribed set for training. As shown in Figure 13, in each iteration we use the
previous model as the seed for a new iteration of semi-supervised training from scratch. The
data used for each iteration includes the supervised set, all the portions of the unsupervised set
used in the last iteration and one unused sub-set for the current iteration. In doing so, we are
continuously improving the seed model on the domain of the untranscribed data. We note that
this data scheduling strategy, however, is computationally intensive since it involves multiple
decodes of the data.

2.6.4  Semi-supervised training for language modeling

Previous sections were related to training of acoustic models while using the data without man-
ual transcripts. In order to develop a good quality production system, the LM also requires large
data for training.

Our typical approach in this case (i.e., speci cally in the case where small amounts of tran-
scripts are available), builds a second LM using the textual resources crawled from the internet.
More details will be given in Section 4.2. Finally, linear interpolation is typically applied combin-
ing LM built from available manual transcripts with the one built from crawled textual resources.

2.7 Self-supervised acoustic model training

(Paper also for consideration in this section: End-to-End Accented Speech Recognition,
Thibault Viglino, Petr Motlicek and Milos Cernak, in: Proceedings of Interspeech, ISCA, Graz,
Austria, pages 2140-2144, 2019 [VMC19])

Similar to semi-supervised training, self-supervised training methods aim to learn powerful
acoustic representations from untranscribed audio data. It has been shown that such acoustic
models can later be adapted using supervised data to achieve state-of-the-art performance for
ASR) while greatly reducing the amount of transcribed training data which is both expensive

and time-consuming to obtain.

In our works related to rapid development of ASR for low-resource languages, we speci cally
considered wav2vec 2.0 [Bae+20], which learns representations from raw audio data using
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contrastive learning. Typical model, which was found of large interest, was trained on English
read speech (i.e., 1000 hours of unsupervised Librispeech data [Pan+15]) and later adapted on
a 100 hour supervised subset of Librispeech data to achieve state-of-the-art performance. The
past works only considered Connectionist Temporal Classi cation (CTC) [Gra+06] for acoustic
model training. Our recent work done as part of MATERIAL programme [VMB21]:

» (i) compared the effect of sequence discriminative training criterion for supervised
adaptation and showed that ne-tuning the wav2vec 2.0 model with end-to-end ver-
sion of LFMMI and CTC criterion yields roughly similar performances;

* (i) the wav2vec 2.0 model (concretely XLSR-10 model [Con+20]) was further adapted
on out-of-domain conversational speech and on cross-lingual data and achieved ASR
results showed that the wav2vec 2.0 pretraining provides signi cant gains over the
models trained only with supervised data.

One of our recent approaches used multi-task training and accent embedding in the context of
end-to-end ASR trained with the connectionist temporal classi cation loss [VMC19].

Our very new work from spring 2022 targeted the scenario for the case when the data substan-
tially differs between the pre-training and downstream ne-tuning phases (i.e., domain shift).
We analyzed the robustness of wav2vec2.0 and XLSR models on downstream ASR for a com-

pletely unseen domain, i.e., air-traf ¢ control communications.

2.8 Application of ASR in air-traf c management

(Paper also for consideration in this section: Automatic Call Sign Detection: Matching Air
Surveillance Data with Air Traf ¢ Spoken Communications, Juan Zuluaga-Gomez, Karel Vesely,
Alexander Blatt, Petr Motlicek, Dietrich Klakow, Allan Tart, Igor Szoke, Amrutha Prasad, Seyyed
Saeed Sarfjoo, Pavel Kolcarek, Martin Kocour, Honza Cernocky, Claudia Cevenini, Khalid
Choukri, Mickael Rigault and Fabian Landis, in: Proceedings of 8th OpenSky Symposium,
OpenSky Network, pages 1-10, MDPI, 2020 [Zul+20a])

(Paper also for consideration in this section: Automatic Speech Recognition Benchmark for
Air-Traf c Communications, Juan Zuluaga-Gomez, Petr Motlicek, Qingran Zhan, Rudolf Braun
and Karel Vesely, in: Proceedings of Interspeech, pages 2297-2301, 2020 [Zul+20b])

Air-Traf ¢ Control (ATC) is a very demanding task where one or several Air-Traf ¢ Controllers
(ATCos) plan, send, and execute commands via voice communications, in order to ensure the
safety of the airplanes in a given space area. ATC communication is one of typical cases
where ASR systems would signi cantly help controllers to improve their ef ciency and possibly
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decrease their workload, allowing also to spot errors in spoken communication, etc. A graphical
example of ASR in ATC is given in Figure 14.

Figure 14 Overview of air-traf c management system incorporating automatic speech recog-
nition.

Both Idiap and BUT have started collaborating on this topic already in 2016, through several
projects. ATC communication currently relies on two approaches: (i) voice communication and
(i) voiceless communication through data links (also called CPDLC systems). One example of
a CPDLC system is the Eurocontrol Link200+ [Eurl2], which was expected to be deployed in
all European airports by 2016. The idea is to transfer certain commands and orders through
a human-machine interface, thus reducing the amount of spoken communication, but increas-
ing the ATCos' workload. The International Civil Aviation Organization (ICAO) stated that “To
minimize pilot head down time and potential distractions during critical phases of ight, the con-
troller should use voice to communicate with aircraft operating below 10,000 ft above ground
level”; hence, voice communications remains as the main way to exchange information and
commands near airports. Recent research projects [Hol+15] and the ICAO have stated that
air-traf ¢ is expected to grow between 3% and 6% percent yearly at least until 2025 (i.e., es-
timated before COVID pandemic). The European Union (EU) with the aim of decreasing the
ATCos' workload has invested resources into projects such as MALORCA (MAchine Learn-
ing Of speech Recognition models for Controller Assistance)'?, AcListant'!, and more recently
ATCO2 (Automatic collection and processing of voice data from air-traf c communications) 12
and HAAWAII (HIGHLY AUTOMATED AIR TRAFFIC CONTROLLER WORKSTATIONS WITH
ARTIFICIAL INTELLIGENCE INTEGRATION)3, which have demonstrated various achieve-
ments by integrating spoken language understanding systems (including ASR: see a simpli ed
output of the ATM based in Figure 15) on reducing the ATCos' workload [Hel+16], increasing
the ef ciency [Hel+17], and even offering better solutions in integrating contextual information,
also in real time [Oua+15].

10 http://www.malorca-project.de

http://www.AcListant.de
https://www.atco2.org
https://www.haawaii.de

11
12
13
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Figure 15 Output of ASR system developed for air-traf c management.

Master thesis already in 2011 [Sho11] showed for the rst time that including context knowledge
in ASR signi cantly reduces Word Error Rates (WER) in an ATC task. For instance, the WER
was reduced by a factor of almost 10 times i.e., 2.8% to 0.3%. In a follow-up project, AcListant
and DLR focused on integrating their ASR into an arrival manager (in order to improve the
prediction of the landing sequence). Following MALORCA project focused on ASR directly
developed and integrated for two Air-Navigation Service Providers (ANSPs): ANS CR* and
Austrocontrol'®.

Subsequent (and still ongoing project) HAAWAII focuses on more complex tasks such as read-
back error detection while exploring ASR as well. ATCO2 project, which recently ended, de-
veloped a unique platform allowing to collect, organize and pre-process ATC (voice communi-
cation) data from air space (see Figure 16 for an overview). First the project considered the
real-time voice communication between ATCos and pilots available either directly through pub-
licly accessible radio frequency channels, or indirectly from ANSPs. In addition to the voice
communication, the contextual information available in a form of metadata (i.e. surveillance

data) was exploited, available as part of OpenSky Network services!®.

14
15
16

https://www.ans.cz
https://www.austrocontrol.at
https://opensky-network.org
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Figure 16 Automatic transcription and annotation of ATC speech data with possible manual
veri cation.
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3 Boosting contextual information in ASR

This section summarises our R&D achievements in an area of boosting contextual information
for automatic speech recognition applications. The commented works address all 3 principal
components of the ASR systems, namely acoustic modeling, language modeling, and lexical
knowledge. Eventually, this section will also give a brief overview of contextual boosting for a
particular domain of air-traf c management.

Following 4 papers were selected to be summarised, commented and aligned with other works
in this section:

(1) A Comparison of Methods for OOV-Word Recognition on a New Public Dataset,
2021, [BMM21],

(2)  English Spoken Term Detection in Multilingual Recordings, 2010, [MVG10],

(3) A Context-Aware Speech recognition and Understanding System for Air Traf ¢ Con-
trol Domain, 2017, [Oua+17],

(4) Boosting of contextual information in ASR for air-traf ¢ call-sign recognition,
2021, [Koc+21b].

3.1 Introduction

Contextual boosting - a technique to adapt ASR engine to increase its ef ciency towards highly
informative content (or phrase) - can be very bene cial for various applications. In practice,
the problem of boosting can evolve in many directions. One of them is the recognition of
words not seen during training (i.e., often called Out-Of-Vocabulary (OOV) words). Another
problem is rather due to a very low occurrence of speci ¢c words in training data, thus having
a low probability to be recognized due to low n-gram score in language model. This section
summarizes our work done in this direction.

Goal of contextual boosting, as brie y introduced above and supported by our past and ongoing
work, is to increase the probability of words, or sequence of words, to be recognized with high
accuracy by an ASR system. The concept of boosting assumes that some prior information
(e.g., list of words to be boosted) is known in advance to the user. The prior information can be
similar to the whole test data (e.g. test set) used for recognition, or an online (real-time) ASR
can be considered and boosting can then vary for each particular audio le (utterance) to be
recognized.
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3.2 Boosting of OOV words

(Relevant paper: A COMPARISON OF METHODS FOR OOV-WORD RECOGNITION ON A
NEW PUBLIC DATASET, Rudolf Braun, Srikanth Madikeri and Petr Motlicek, in: IEEE Inter-
national Conference on Acoustics, Speech and Signal Processing (ICASSP), Toronto, Ontario,
Canada, 2021 [BMM21])

In our recent work from 2021 [BMM21], we addressed the problem of boosting the scores for
OOV words by focusing on Weighted Finite-State Transducer (WFST) based ASR systems with
distinct acoustic and language models [MPRO08]. In these systems both the LM and lexicon
are xed and encoded as a WFST, thus words unseen during training cannot be recognized.
Our proposed solution towards this problem was to employ word or subword-based models
while using a phone LM as the pronunciation for [unk] token'’, and then try to recover a word
from the recognized phone sequence aligned with the [unk] token. A reproducible dataset for
English and German using CommonVoice [Ard+19] was built with a large number of realistic
OOVs in the test set. Also a new tool for calculating error rate metrics was released!®, and we
proposed a new metric called “OOV-CER” for measuring OOV-word recognition performance
independent of the performance on in-vocabulary words.

3.3 Boosting by a prior from another modality

(Relevant paper: English Spoken Term Detection in Multilingual Recordings, Petr Motlicek,
Fabio Valente and Philip N. Garner, in: Proceedings of Interspeech, Makuhari, Japan, 2010
[MVG10])

Very speci ¢ type of boosting can be considered by using a prior extracted from another modal-
ity (e.g., a presentation (slides) provided with audio from a conference lecture). Previous sec-
tion considered incorporation of a prior knowledge (i.e., highly informative words although not
included in the ASR lexicon) through a decoding WFST graph. This section proposes to use
prior information (available from another modality) through modifying (rescoring) ASR output
(word recognition lattices).

The work from 2010 [MVG10] used an English LVCSR based Spoken Term Detection (STD)
engine performing automatic indexation of real lecture recordings. The audio recordings were
uttered in English (usually by non-native speakers), however, some recordings were partially
(e.g. at the beginning of the talk), or fully uttered in French or ltalian. Blindly applying an
English STD engine for automatically indexing English segments in such multi-lingual record-
ings would lead to a signi cant decrease of overall STD performance since the English engine

17 [unk] (unknown) token is often used in ASR for the words whose pronunciations are represented by a phone

LM trained on a lexicon of words with low counts.

18 https://github.com/idiap/icassp-oov-recognition
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would be employed on“inappropriate” speech input (i.e., speech pronounced in different (alien)
languages whose words do not appear in the LVCSR dictionary).

One of the solutions would be to to employ a language identi cation, requiring to encode the
knowledge of other (non-target) languages. Another solution is to build an Out-Of-Language
(OOL) detection module built around LVCSR word lattices subsequently used for search of the
spoken terms.

To perform STD, the recordings are rst pre-processed by using the LVCSR system that pro-
duces word recognition lattices. The word lattices are then converted into a candidate term
index accompanied with times and detection scores. The detection scores are represented
by the word posterior probabilities P estimated from the lattices using the forward-backward
re-estimation algorithm [EW00], and de ned as:

P(Wi;ts;te) = X P (W] ts; tejx®);
Q
where W; is the hypothesized word identity spanning the time interval t 2 (ts;te). ts and te
denote the start and end time interval, respectively. j denotes the occurrence of word W; in
the lattice. x{: denotes the corresponding partition of the input speech (the observation feature
sequence). Q represents a set of all word hypotheses sequences in the lattice that contain the
hypothesized word W; int 2 (ts;te).

In order to boost some terms which were found apriori in corresponding slides, word posterior
probabilities P (W;; ts; te) of searched terms can be modi ed by using a prior which represents
a relevance of a term to the topic (given by corresponding text slides). The prior is introduced
by a multiplicative constant c:

Pnew = cPod; if ¢c< =1=Pyq;
Phew = 1; otherwise:

We tested the boosting algorithm on multi-lingual lecture recordings (supplemented with text
slides): (i) for each lecture recording, a new list of terms was automatically generated based
on the occurrence of searched terms in the text of corresponding PowerPoint slides. Since
no time allocation of the individual slides and their precise alignment with the audio segments
of a lecture is available (only the general lecture number assignment), no precise temporal
information is employed. (ii) Posterior probabilities Py (initially estimated from the LVCSR
based word recognition lattices) associated with search terms occurring in the new list of a
given lecture are updated.
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Figure 17 graphically shows a dependence of Equal Error Rate (EER)'® on varying c for two
STD systems (without and with application of the OOL detection module). ¢ varied from 10 4
to 103,

Figure 17 Overall EERs of spoken-term detection when additional prior information is
exploited: (a) STD system without OOL module, (b) STD system with OOL module
(source: [MVG10]).

3.4 Context-based re-scoring of ASR output

(Relevant paper: A Context-Aware Speech recognition and Understanding System for Air Traf ¢
Control Domain, Youssef Oualil, Dietrich Klakow, Gyorgy Szaszak, Ajay Srinivasamurthy, Hart-
mut Helmke and Petr Motlicek, in: Proceedings of the IEEE Automatic Speech Recognition and
Understanding Workshop, Okinawa, Japan, 2017 [Oua+17])

Previous section considered prior information (as textual entities extracted from PowerPoint
presentations) to boost term detection in audio streams. This work was done by rescoring the
ASR hypotheses.

For some speci ¢ domains such as Air-Traf ¢ Control (ATC), the context information can be

provided in many different ways. For instance, it can be available as abstract concepts (e.g.
airline codes such as “AFR2A"), which are however dif cult to map into full possible spoken
sentences to perform rescoring (or model adaptation). Our work from 2017 [Oua+17] pre-
sented a multi-modal approach, which dynamically integrates partial temporal and situational

19 The EER is the location on a ROC or DET curve where the false acceptance rate and false rejection rate are
equal.
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ATC context information to improve its performance. More speci cally, we tackled this work also
by re-scoring word recognition output (N-best) by using word sequences which carry relevant
ATC information as well as by directly adapting a language model (which can be seen as a
similar technique to WFST boosting).

Figure 18 Schematic view of an automatic speech recognition-based ATC system
(source: [Oua+17]).

34.1 Contextual data in ATC

The ATCos provide the commands to the pilots based on the state of a given airspace sector
obtained from radar information. These commands are issued in an irregular way and usually
contain an information as: (i) an aircraft call-sign (e.g. AFR2A = air france two alpha) followed
by a command type to execute and a command value to achieve (e.g. REDUCE 220 = reduce
speed two two zero knots).

Recognition of ATC commands is a primary goal of ASR based ATC systems. Our solution to-
ward this (already partially described above in Section 2.8) is to incorporate the contextual data
(which can be extracted in many ways from radar information available for ANSPs, or from con-
current streams (captured by ADS-B devices)) regularly issued by airplanes?®. In MALORCA
project, we attempted to solve this problem by using the information regularly extracted from
the radar, while in more recent project ATCO2, the surveillance data was retrieved directly from
the OpenSky Network?!. As the recorded ATC utterances are stored together with a timestamp,

20
21

https://en.wikipedia.org/wiki/Automatic_Dependent_Surveillance\T1\textendashBroadcast
https://opensky-network.org
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this timestamp can be used in combination with the ADS-B receiver (or airport) location to send
a query to the OpenSky Network (OSN) database. The OSN collects ADS-B and Mode S data
from airplanes from many locations around the world. The query to the OSN database has two
parameters: the time range and the search area. The time range is centered on the times-
tamp, and the search area is centered on the receiver (or airport) location. The query returns
the ADS-B information from every plane that matches the criteria. The call-signs contained
in the ADS-B information are present in the ICAO format (a three-character airline code, e.g.,
LUF(Lufthansa), followed by the call-sign number, which consists of a digit combination and
may also contain an additional character combination, e.g., LUF189AF, this is the compressed
form of a call-sign.).

Figure 19 Expected landing sequences and trajectories for different aircraft approaching
Prague airport. (source: [Qua+17]).

3.4.2  Context-based rescoring

As part of the 2017 paper [Oua+17], we proposed and developed a rescoring approach which
follows these steps (visualised in Figure 20):

* “Sequence Labeling”.: We use a context-free-grammar-based token tagger [Sch+14]
(which is developed from rules manually collected by experts) to automatically map
the word transcripts provided by ASR to a concept level (Figure 21). As an exam-
ple — the ASR hypothesis “air france two alpha hello reduce speed two three
zero knots ” is mapped to the following concept “<callsign> air france two alpha



Boosting contextual information in ASR 37

Figure 20 Command extractor and corrector - steps described in Section 3.4.2.

</callsign> hello <command=reduce> reduce speed <speed> two three zero
</speed> knots </command> .

Figure 21 Use of context-free grammar to transduce ATC segments (text) to concepts.

»  “Context-to-Word Mapping”: The partial rescoring approach turns the problem of gen-
erating full spoken sentences (realizations) of the context (i.e., from radar) into gener-
ating realization of short segments, which can be extracted by the sequence labeler in
the previous step. As an example, instead of generating the full realization of the com-
mand “AFR2A REDUCE 250", we only need to generate context-to-word mapping for
the call-sign “AFR2A"” and the speed value “250".

*  “Context-based Rescoring”: A Weighted Levenshtein Distance (WLD) is used to re-
score the segments extracted from the ASR hypotheses (Step 1), to nd the closest
context segments (i.e., from all verbalized context segments available from Step 2).
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35 Two-stage boosting

(Relevant paper: Boosting of contextual information in ASR for air-traf ¢ call-sign recognition,
Martin Kocour, Karel Vesely, Alexander Blatt, Juan Zuluaga-Gomez, Igor Szoke, Jan Cernocky,
Dietrich Klakow and Petr Motlicek, in: Proceedings of Interspeech, 2021 [Koc+21b])

A more advanced algorithm to boost contextual information was developed very recently jointly
at BUT and Idiap. It is called a two-stage boosting strategy, consisting of (i) HCLG boosting
and (2) lattice boosting, both implemented as WFST compositions. Brie y for HCLG boosting,
score discounts are given to individual words, while in lattice boosting the score discounts are
given to word-sequences.

The work has so far been developed and tested for boosting the call-signs in ATC applications,
nevertheless, the approach is very universal and can be used for boosting words or sequence
of words for various scenarios. Speci cally, we apply targeted boosting of certain words, or
word-strings by applying score discounts into language model scores done by means of WFST
composition. The boosted expressions are thus made more likely to appear in the best hypoth-
esis of ASR. This approach is natural for WFST based ASR systems as for instance developed
in Kaldi.

3.5.1 List of call-signs

As already described in Section 3.1, prior information (known in advance of boosting) for each
spoken utterance (or generic to given “session”) is expected, and can be provided either from
radar screen or through a concurrent data stream such as from ADS-B receivers. Concretely,
a list of candidate call-signs for given short-term traf ¢ situations can be periodically provided.
These call-signs can be obtained in a dynamic way (e.g. from a radar system), in a static
way from a historical database of traf ¢ monitoring, or from ADS-B (where the synchronization
between speech and ADS-B channels can be done using timestamp and location information).

3.5.2 Lattice boosting

It is done through the composition of L and B, where L means the original lattice, and B means
boosting graph. Depending on application, B can be made speci ¢ for each speech segment
(utterance). Our rst implementations aimed at a batch-mode composition (i.e., of ine mode),
but most recent work (in 04/2022 under submission for Interspeech 2022 conference) describes
an implementation in an on-line mode. The composition can be implemented as a fast operation
as both the lattices and boosting graphs are relatively small.
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3.5.3 HCLG boosting

The HCLG boosting is also done as a composition of two FSTs, HCLG and B, where HCLG is
the pre-compiled recognition network??, and B is another type of boosting graph. The original
HCLG graph is plugged into the ASR decoder to generate word-recognition lattices. B can be
utterance-speci c. The composition of B with HCLG graph is performed on-the- y immediately
before initializing the decoder. An alternative approach to HCLG boosting, already presented
in Section 3.2 proposed to boost the G.fst and do on-the- y composition with HCL .fst graph.
This implementation was tested as part of our research report [Nig+21]. The presented pa-
per [Koc+21b] shows that a cascade of HCLG and lattice boosting is complementary and the
boosted elements appear more likely as part of the best ASR hypothesis.

3.6 Application of contextual boosting in air-traf c management

(Paper also for consideration in this section: Automatic processing pipeline for collecting and
annotating air-traf ¢ voice communication data, Martin Kocour, Karel Vesely, Igor Szoke, San-
tosh Kesiraju, Juan Zuluaga-Gomez, Alexander Blatt, Amrutha Prasad, luliia Nigmatulina, Petr
Motlicek, in: Proceedings of 9th OpenSky Symposium, OpenSky Network, Brussels, Belgium,
pages 1-9, MDPI, 2020 [Koc+21a])

(Paper also for consideration in this section: Machine Learning of Controller Command Pre-
diction Models from Recorded Radar Data and Controller Speech Utterances, Matthias Klein-
ert, Hartmut Helmke, Gerald Siol, heiko Ehr, Michael Finke, Youssef Oualil and Ajay Srini-
vasamurthy, in: Proceedings of the 7th SESAR Innovation Days (SID), University of Belgrade,
Belgrade, Serbia, 2017 [Kle+17])

Application of speech processing and automatic speech recognition in air-traf c management
has already been introduced in Section 2.8. The topic of boosting plays an essential role to
reach low word-error rates (for detection and classi cation of call-signs as well as for other
entities of the ATC communication). In brief, contextual boosting allows to incorporate a prior
knowledge known in advance (either from another modality such as radar or ADS-B), or from
other sources (e.g., command prediction model [Kle+17]). Although the strategy of boosting
was already applied in ASR for ATC in 2017 [Oua+17], substantial improvements were made
very recently by implementing several approaches directly within the ASR decoder (e.g., HCLG
boosting) or on top of decoder output by boosting directly word-recognition lattices. Also shown
in the following Section 4.4, another type of boosting which brought further improvements in
recognition accuracies was implemented and integrated as part of the natural language pro-
cessing stage.

22 https://kaldi-asr.org/doc/graph.html
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4 Natural language understanding on automatically generated textual data

This section summarises our past (including very recent) works falling into the category of natu-
ral language understanding, with direct or indirect implications to automatic speech recognition.
More speci cally, the rst part will be related to adapting language models using supervised
and unsupervised techniques. This will be followed by a section related to the use of powerful
recurrent neural networks in language modeling - directly converted to WFSTs. The last sec-
tion will be devoted to comment on our very recent work on building a named entity recognizer
exploiting prior information extracted from radar data for ATC domain.

Following 3 papers were selected among others to be summarised/commented on and aligned
with other works in this section:

e Supervised and unsupervised Web-based language model domain adaptation,
2012 [Lec+12],

e Conversion of Recurrent Neural Network Language Models to Weighted Finite State

Transducers for Automatic Speech Recognition, 2012 [LM12],

* A two-step approach to leverage contextual data: speech recognition in air-traf c

communications, 2022 [Nig+22].

4.1 Joint ASR and NLP

(Paper also for consideration in this section: Expanded Lattice Embeddings for Spoken Doc-
ument Retrieval on Informal Meetings, Esal VILLATORO-TELLO, Srikanth Madikeri, Petr
Motlicek, Aravind Ganapathiraju and Alexei V. lvanov, in: The 45th International ACM SIGIR
Conference on Research and Development in Information Retrieval, 2022 [VIL+22])

Before presenting in more details aforementioned NLP areas (represented by 3 papers), one
of the goals of this Section 4 is also to recapitulate and highlight our very recent research
directions while addressing downstream applications of automatic speech recognition. As a
mature technology, ASR has become an alternative input method in many applications, and
is in general considered as an input in several SLU tasks, including Information Retrieval (IR)
or more concretely Spoken Document Retrieval (SDR). SDR typically employs ASR transcripts
to index and retrieve relevant spoken documents. However, it can be expected that upstream
processes (such as ASR) inject errors that would negatively affect the retrieval performance.
Our very recent activities aim to jointly address both ASR and NLP (i.e., SDR) systems to
eventually improve performance of the whole chain.

One of possible solutions to deal with ASR errors in SDR is to consider multiple alternative
hypotheses to augment the input to document retrieval to compensate for the erroneous 1-
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best hypothesis. N-best output (i.e., the top “n” scoring hypotheses) is usually available in
any of WFST based ASR systems and it can easily be fed to a traditional IR pipeline. One
of the problems of n-best is that the concurrent hypotheses are terribly redundant, and do
not suf ciently encapsulate the richness of the ASR output usually represented as an acyclic
directed graph called the lattice.

Our recent work [VIL+22] (also graphically explained in Figure 22) proposes to utilize the lat-
tice's constrained minimum path to generate a minimum set of hypotheses that serve as input
to the re-ranking phase of IR. The novelty of this approach is the incorporation of the lattice as
an input for neural re-ranking by considering a set of hypotheses that represents every arc in
the lattice. The obtained hypotheses are encoded through sentence embeddings using BERT-
based models, namely SBERT and RoBERTa, and the nal ranking of the retrieved segments
is obtained with a max-pooling operation over the computed scores among the input query and
the hypotheses set. This approach, when tested on a standardised database, presumes that
this new set of hypotheses derived from the expanded lattice can signi cantly improve the SDR
performance (when compared with typical n-best ASR output).

Figure 22 General overview of the proposed multi-stage SDR architecture based on ex-
panded lattice embeddings (source: [VIL+22]).

4.2 Supervised and unsupervised language model adaptation

(Relevant paper: Supervised and unsupervised Web-based language model domain adap-
tation, Gwénolé Lecorvé, John Dines, Thomas Hain and Petr Motlicek, in: Proceedings of
Interspeech, Portland, Oregon, USA, 2012 [Lec+12])

Already partially described in Section 2.4.3, domain adaptation, allowing the use of machine
learning technologies (such as ASR) in new environments, is usually required to reach ad-
equate and acceptable performance. In case of LM, the domain adaptation consists in re-
estimating probabilities of a baseline (in our case n-gram) LM in order to better match the
speci cs of a given broad topic of interest. To do so, a common strategy is to retrieve adaptation
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texts from the Web (e.g. by using Commoncrawl?®) based on a given domain-representative
seed text. In case of our study from 2012 [Lec+12], our goal was to analyze the differences of
our Web-based adaptation approach for:

»  Supervised case — in which the seed text is manually generated, and

» Unsupervised case — where the seed text is given by an automatic transcript gener-
ated by an ASR.

The work was built around video data available at YouTube channels (with manual or automatic
transcripts accompanying video).

4.2.1  N-gram LM adaptation

The n-gram LMs are still among the most typical models used by ASR systems and usually
require a large multi-topic text collection for training. As a consequence, this LM is not optimal
(as part of ASR) to transcribe material dealing with a given speci ¢ domain. As proposed
solution, LM adaptation (to re-estimate the n-gram probabilities of the baseline LM) can be
performed in order to t the speci cs of the considered domain.

Web textual data seems to be a natural alternative to be used for LM adaptation. The process
can be split into several steps:

*  Query extraction of a text that is representative of the domain of interest — “seed” text.
Seed text is of high importance in this process as it is supposed to well characterize
the target domain so that we can extract meaningful information (documents) from
the Web.

* Retrieve web pages by submitting the queries to a Web search engine.

 Build an adapted LM by integrating the retrieved adaptation data with background
training material.

Having a large amount of seed text is desirable as it can better represent the domain of interest.
However in case of domain such as those related to spontaneous speech (e.g., multiparty
meetings?*, etc.), this might be problematic as such data do not really exist/cannot be easily
retrieved from Web, or it is costly to produce such text by manually transcribing the spoken
material (video/audio). Therefore, supervised LM adaptation is not always feasible. In the case
of automatizing this process and relying more on automatically generated text data, this would
lead to a much lower effort by humans/developers.
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Overall, the work commented in this section compared the Web-based domain LM adaptation
process using different levels of supervision while also analysing the impact of recognition
errors in the seed text on ASR accuracy gains provided by LM adaptation and the dependence
on the size of the seed text. Achieved results indicate that the use of manual transcripts brings
the greatest improvement in terms of perplexity and ASR accuracy. Further we also found
out that the recognition errors do not signi cantly bias LM adaptation, as this is usually the
case for query extraction, or for linear interpolation. This is very interesting due to the fact that
error spotting in ASR outputs is a complex task. Finally, the presented work has demonstrated
that reducing the size of the seed text does not change aforementioned observations. In fact,
results indicate that decreasing the seed text size reduces both the gains in perplexity and
in word error rates consistently for both supervised and unsupervised cases, though in the

unsupervised case this is more pronounced.

4.3 Conversion of RNN based LM to WFST

(Relevant paper: Conversion of Recurrent Neural Network Language Models to Weighted Finite
State Transducers for Automatic Speech Recognition, Gwénolé Lecorvé and Petr Motlicek, in:
Proceedings of Interspeech, Portland, Oregon, USA, 2012 [LM12])

Recurrent Neural Network Language Models (RNNLMs) have been known to signi cantly in-
crease accuracies of ASR when used on top of n-gram LM. In fact, highly cited paper of col-
leagues from BUT in 2010 have presented the work on the use of RNNLMs in ASR and demon-
strated up to 50% reduction of perplexity by using mixture of several RNN LMs [Mik+10].

Our work on the use of RNNs in LM was already brie y introduced in Section 2.3. Speci cally,
RNNLMs are used in a two-pass ASR approach to re-score N-best lists generated in the rst-
pass by using n-gram LMs. This means that the prediction power of RNNLMs is used only
on subsets of all transcription hypotheses. which implies that the approach does not offer the
optimal solution since the n-gram LM used for the rst-pass (decoding) may have discarded
hypotheses which the RNNLM would have judged very likely. It has also been shown that both
n-gram and RNNs provide complementary distributions [Mik+11] and thus the use of RNNLMs
in early stages of speech decoding is a challenging objective.

The problem of employing RNNLM in the rst-pass ASR has been addressed by our paper in
2012 [LM12]. The key obstacle for ASR is that RNNLMs cannot be used to directly decode a
speech signal since they rely on continuous representations of word histories while decoding
algorithms (e.g. the one implemented in Kaldi [Pov+11]) require to handle discrete representa-
tions to remain tractable. In our work, we de ned a new generic strategy to transform RNNLMs
into a Weighted Finite State Transducer (WFST) which can directly be used within the decoding
process in ASR. The principle of the conversion consists in discretizing continuous RNNLM rep-
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resentations of word histories in order to build WFST states, and then to link these states with
probabilities derived from the RNNLM. Figure 23 gives a graphical overview of the discretization
scheme. In practice, this approach also raises some needs for pruning the generated WFST
since the theoretical number of states may be large according to the chosen discretization strat-
egy. The paper presented a preliminary implementation of the RNNLM conversion algorithm
based on K-means clustering and entropy pruning.

Although the obtained results brought only marginal improvements (i.e., compared to the ap-
proach where RNNLMs were employed to re-score N-best hypotheses in the second pass of
ASR), the approach is theoretically valid and the problem is still (even nowadays) interesting

from a research point of view.

Figure 23  Overview of the RNNLM discretization scheme.

4.4 Boosting of NER for air-traf c management

(Relevant paper: A two-step approach to leverage contextual data: speech recognition in
air-traf c communications, luliia Nigmatulina, Juan Zuluaga-Gomez, Amrutha Prasad, Seyyed
Saeed Sarfjoo and Petr Motlicek, in: Proceedings of IEEE International Conference on Acous-
tics, Speech, and Signal Processing (ICASSP), 2022 [Nig+22])

In addition to the work presented above in Section 4.1, this section presents the work on a
transition between both ASR and NLP technologies. The work, purely dedicated to the ATM
domain, is an extension of the previous work already presented in Section 3.5 on (two stage)
contextual boosting. Unlike previous work presented in [Koc+21b], the work brie y presented
here aims to combine the bene ts of ASR and NLP methods and to demonstrate that the use
of surveillance data (i.e. available through additional modality) applied simultaneously in both
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technologies helps to considerably improve the ASR (i.e., recognition of call-signs considered
as named entities). Practically this work can be seen as a two-step call-sign boosting approach,
where:

e atstep (1) as part of ASR - weights of probable call-sign n-grams are reduced (i.e.,
boosted) in G.fst and/or in the decoding FST (lattices), and

» atstep (2) as part of NLP - call-signs extracted from the boosted recognition outputs
by using Named Entity Recognition (NER) module are eventually correlated with the
surveillance data to select the most suitable one.

Our work demonstrates that ASR and NLP can be seen as complementary tasks rather than
separated ones. Whereas ASR exploits speech to produce a sequence of words, NLP exploits
the intrinsic characteristics in a given snippet of text. ASR normally struggles to model long
sequences, while state-of-the-art NLP systems allow extracting key information in the whole
chunks of text; for instance an entire ATC utterance. The proposed approach focuses on an
iterative use of contextual data to take advantage of a combination of ASR and NLP modules.

The ASR engine does not differ much from the one described in [Koc+21b]. The NER module
is built using BERT model [Dev+18], pre-trained as masked language model from Hugging-
face [Wol+19] and ne-tuned it on NER task with our in-domain text (i.e., where each word has
atag). A data augmentation pipeline was also implemented in order to increase the amount of
training data. The developed NER is then capable of extracting the call-sign information from a
given transcript, or in our case from ASR 1-best hypotheses. Recognition of the call-sign entity
is crucial where a single error produced by the ASR system affects the whole entity (normally
composed of three to eight words).
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Figure 24 Call-sign and command tagging: Named entity recognizer to automatically tag the
input word sequence for respective ATC classes. Visualisation of BERT-based model (Hug-
gingface) ne-tuned on NER task.

4.4.1  Re-ranking

The output of an NER system is a list of tags that match words or sequences of words in an
input utterance. As our only available source of contextual knowledge (provided by radar - see
Figure 25) in this work are call-signs registered at a certain time and location, we extracted
call-signs with the NER system and discarded other entities. Correspondingly, each utterance
has a list of call-signs expanded into word sequences. As input, the re-ranking module takes (i)
a call-sign extracted by the NER system and (ii) an expanded list of call-signs (available from
radar). The re-ranking module compares a given n-gram sequence against a list of possible
n-grams, and nds the closest match from the list of surveillance data based on the weighted
Levenshtein distance.
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Figure 25 Integrate the surveillance data (extracted from radar screen) into the ASR system.

4.4.2 BERT - as speaker role detector

As a subsequent task in the ATM domain, also implying the use of the BERT-based model, is
represented by a speaker role detector. Similarly to the NER module (developed from BERT),
we also trained the speaker role detector as a text-based module to reliably classify the utter-
ances into two classes: Air-Traf ¢ Controllers (ATCos), or pilots. Implementation of this module
on purely acoustics, e.g., by expecting that the SNR level of pilot's speech will be way lower
than SNR of ATCos, was not found very reliable. Although not anticipated, the communication
channel between air-traf ¢ controllers and pilots is often not automatically split (i.e., it is avail-
able as a 1-channel) and thus automatic and reliable speaker segmentation is of high interest
- as a pre-processing block for all downstream applications. A recent work on speaker role
detection (while using a rule-based approach) can be found in the research report [Pra+21].

Overview of the whole processing scheme including ASR module to automatically transcribe
the ATCo-pilot voice communication, followed by NER tagging and speaker role identi cation,
can be seen in Figure 26. The application is assumed to work as a virtual pilot, automatically
answering to the controllers on the issued commands.
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Figure 26 Overview of an ATM application of virtual pilot: besides ASR, the module for
speaker role identi cation and text-to-speech (to generate an automatic response back to pilot)
are deployed.
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