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Abstract

This thesis presents a series of new techniques to improve the automatic transcription of real
meetings and presentations with end-to-end models. End-to-end automatic speech recognition
(ASR) has been intensively investigated because of its fast decoding and simplified architecture.
It consists of a single neural network, unlike the hybrid HMM-based approach that uses modu-
larized acoustic and language model components. However, it requires a considerable amount of
paired data of speech and transcriptions for training, which are much more expensive to collect
than unpaired speech and text resources for a target task or domain. To address this problem,
we propose a framework for adapting end-to-end models using only untranscribed speech and
text-only data to new domains with unseen acoustic and linguistic characteristics. Transcribing
presentations and meetings is more challenging because they consist of spontaneous and long
utterances. Moreover, faithfully transcribing these utterances word-by-word results in redundant
and ungrammatical outputs that are not necessarily easy to read and comprehend. Therefore,
we propose a method for robustly transcribing long utterances and a strategy for end-to-end

generation of readable written-style texts directly from speech.

Chapter 2 gives a brief review of large vocabulary continuous speech recognition (LVCSR)

and the introduction of end-to-end models.

In Chapter 3, we present an approach to cross-domain speech recognition based on acoustic
feature mappings provided by a deep neural network, which is trained using non-parallel speech
corpora from two domains without ground-truth labels. For training a target-domain acoustic
model, we generate simulated target speech features from the labeled source domain features
using a mapping. This forward mapping and the backward mapping are trained simultaneously
with adversarial networks using a conventional adversarial loss and a cycle-consistency loss

criterion that encourages the backward mapping to bring the translated feature back to the
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original as close as possible. In a highly challenging task of model adaptation only using the
target-domain speech, this method achieved up to 16% relative improvements in word error rate
(WER) in the evaluation using the CHiIMES3 real test data.

In Chapter 4, we investigate how we can leverage the latest speech synthesis technology
to tailor the ASR system for a target domain by preparing only a relevant text corpus. From
a set of target domain texts, we generate speech features using a sequence-to-sequence speech
synthesizer. These synthesized speech features, together with real speech features from conven-
tional speech corpora, are used to train an attention-based end-to-end ASR model. Experimental
evaluations show that the proposed approach significantly improves the WER of presentation
speeches of the CSJ from the baseline model trained only with real speech, although the synthetic
part of the training data comes only from a single speaker voice.

Chapter 5 investigates how bidirectional attention mechanisms can be integrated to improve
the performance of ASR systems. The proposed approach decodes speech from left to right and
right to left, utilizing forward and backward attention vectors. The best sentence hypothesis
is chosen according to the combined probabilities provided by the decoders of two directions.
The proposed bidirectional decoding improved the WER by up to 13% relative for presentation
speeches of the CSJ.

In Chapter 6, we propose a novel approach that outputs clean, readable text directly from
a meeting speech by removing fillers and disfluent regions, substituting colloquial expressions
with formal ones, inserting punctuation, recovering omitted particles, and performing other types
of appropriate corrections. We formalize this approach as end-to-end generation of written-style
text from speech using a single neural network. We also propose a method to guide the training
of this end-to-end model using automatically generated faithful transcripts and a novel speech
segmentation strategy based on online punctuation detection. An evaluation using 700-hour
Japanese Parliamentary speech demonstrates that the proposed direct approach successfully
generates clean transcripts for human consumption more accurately at a faster decoding speed
than the conventional cascade approach. We also conduct an in-depth analysis of the edit types
that professional human editors perform in creating the official written records of Japanese
Parliamentary meetings and evaluate the proposed system in terms of each edit type.

Chapter 7 concludes the thesis.



Contents

Abstract i
1 Introduction 1
1.1 Challenges in transcribing meetings and presentations . . . . . . . . ... ... . 2
1.2 End-to-end modeling . . . . . .. .. .. ... 3
1.3 Organizationof thisthesis . . . . . . . . . .. ... ... ... . ... ..., 4
2 Brief review on LVCSR 7
2.1 Statistical LVCSR system . . . . . . . . . . .. e 7
2.2 Hybrid DNN-HMM ssystem . . . . . . . . . ... .. .. 10
2.3 End-to-end speechrecognition . . . . . . . ... ... ... .. 12
2.3.1 CTC-basedmodel . . . .. ... ... .. ... ... ..., 13
2.3.2 Attention-based encoder-decodermodel . . . . . . ... ..o 14
233 Transformer . . . . . . . . ... 18

3 Cross-domain speech recognition using nonparallel corpora with cycle-consistent
adversarial networks 21
3.1 Acoustic model adaptation with generative adversarial networks (GANs) . . . . . 22
3.1.1 Generative adversarial networks for domain translation . . . . . . ... .. 23
3.1.2 Cycleconsistency loss . . . . . . . . . . . . . e 24
3.1.3 Modified network architecture for acoustic feature transformation . . . . . 25
3.2 Implementation . . . . . . . . ... e e e 27
3.2.1 Network architecture . . . . . . . . . .. .. ... . 27
3.2.2 Training procedure . . . . . . . . . o v it e e e e e e e e 27
3.3 Experimental evaluations . . . . . . . ... ... L Lo 29

il



v

CONTENTS

3.3.1 Noise-robust speech recognition . . . . . .. .. .. ... .. ....... 29

3.3.2 Speaking style adaptation. . . . . . ... ... ... oo 33

34 Conclusion . . . . .. . L 35
Leveraging sequence-to-sequence speech synthesis for enhancing acoustic-to-word

speech recognition 37
4.1 Introduction . . . . . . . .. e e e e 37
4.2 Sequence-to-sequence speech synthesis . . . . . ... ... ... ... ... 39
4.3 Proposedmethod . . . . .. . . .. ... 41
4.3.1 Training data augmentation . . . . . . . . . . . . .0 e 41
4.3.2 Encoder freezing learning of attention model . . . . . ... .. ... ... 42
4.3.3 Language model integration . . . . . . . ... ... ... 43
4.4 Experimental evaluations . . . . . . . . . .. ... oo 44
441 Datasets . . . . oot e e e e e e e e e e 44
442 A2Wmodel . . . . . . L 45
4.4.3 Seq2seqspeech synthesizer . . ... ... ... ... ... ... ... 45
4.4.4 Adaptation between two spontaneous speech domains . . . . . . ... .. 46
4.4.5 Adaptation to newspaperdomain . . . . . . . .. ... 48
4.5 Conclusion . . . . .. e 50
Forward-backward attention decoder 51
5.1 Introduction . . . . . . . . . L e e e e 51
5.2 Forward-backward attention . . . . . . . .. ... oL L. 52
5.2.1 Decoding . . . . . .. 53
5.2.2 Multitask learning of decoders . . . . . . ... ... oL oL 55
5.3 Experimental evaluations . . . . . . . .. .. ... . . 55
5.3.1 Results with smallmodels . . . . .. ... ... ... ........... 56
5.3.2 Results with large models . . . . . . ... ... ... .. ... ... 57
54 Conclusion . . . . ..o e e e e 59

End-to-end generation of written-style transcript from speech for Parliamentary

meetings 61



CONTENTS v

6.1 Introduction . . . . . .. ... e 61
6.2 Dataset . . . . . . . . e 63
6.2.1 Edit types in official records of Parliamentary meetings . . . . . . ... .. 64

6.2.2 Frequency of eachedittype . . .. ... ... .. ... .. ........ 67

6.3 Proposedmethod . . . . . .. ... .. ... 68
6.3.1 Improved training strategy using pseudo faithful transcript . . . . . . . .. 70

6.3.2 Automatic speech segmentation based on online punctuation prediction . . 75

6.4 Experimental evaluations . . . . . . . .. .. ... ... . 78
6.4.1 Evaluation of baseline ASRmodels . . ... ... ............. 80

6.4.2 Comparison between cascade and directmodels . . . . . .. ... ... .. 82

6.4.3 Effectiveness of training strategies using pseudo faithful transcripts . . . . 83

6.4.4 Effectiveness of speech segmentation based on punctuation detection . .. 85

6.4.5 Erroranalisys . . . . . . . . ..o e 89

6.5 Conclusion . . . . . . . ... 91

7 Conclusion 93
Acknowledgment 95
Bibliography 95

List of publications 111






List of Figures

1.1

2.1

3.1
32
33
34
3.5

3.6

3.7

4.1

4.2

5.1

6.1
6.2

Overview of contents of thisthesis . . . . . . . . . . . . ... .. ... ....

Transformer-based ASRmodel . . . . . . . .. . . ... . . ... . ...

Original cycle GAN architecture for image-to-image translation. . . . . .. . ..
Proposed cycle GAN-based architecture for acoustic feature transformation

Network architecture for Fg_pand Frr_.g . . . . . . . ... .. . ... ... ..
Network architecture for Dgand Dy . . . . . . . . . . . . .. ..

An example of noisy utterance and the translated "fake" clean data with various

methods . . . . .. L,

An example of clean utterance and the translated "fake" noisy data with the proposed

An example of CSJ-SPS (simulated public speech) utterance and the translated
"fake" JNAS (read speech) data with the proposed method . . . . . .. ... ..

Encoder freezing learning for enhancing A2W model using real and artificial training

data . .. e e e e e e

An example of synthesized Imfb features from a Japanese sentence "arayuru geN-

Jitsu o subete jibuN no ho: e nejimage tanoda" . . . .. ... ... ... ....

Normalized occurrence counts of substitution errors at different relative positions

of utterances in CSJ-TESTSET1 . . . . . . . . . . . . . e

An example pair of faithful transcript and writtenrecord . . . . . . . . .. .. ..

Frequency of each edit type in the written record of the National Diet . . . . . . .

vil

30

31

34

44

46



viil

6.3

6.4

6.5

6.6

6.7

6.8

LIST OF FIGURES

Cascade approach (A) and proposed direct approach (B) for generating written-style
transcripts fromspeech . . . . . . ... L oL . 69
Encoder multitask learning and decoder multistyle learning using pseudo faithful
rANSCIIPLS « . o v v o o e e e e e e e e e e e e e e e e e e e e 73
Example visualizations of the top layer cross-attention weights Transformer-based
multistylemodel . . . . . . .. ... 85
Effect of the threshold numbers of consecutive blanks in CTC-based speech seg-
MeNtation . . . . . . . ot e e e e e e e e e e e e e e e 86
The numbers of correctly performed corrections by the cascade and direct models
in each edit type, and their recall rates to those by human transcribers . . . . . . . 88

Examples of reference faithful transcript, written record, and system outputs . . . 91



List of Tables

3.1
32

4.1
4.2

5.1
5.2
5.3

6.1

6.2

6.3

6.4

6.5
6.6

Performance of proposed methods (WER(%)) . . ... ... ... ... ..... 32
Performance of proposed methods applied to speaking style adaptation (WER(%)) 34
ASR performance for two CSJ test sets (WER(%)) . . ... ... ... ..... 47
ASR performance for INAStestset. . . . . . . .. .. ... L. 49
ASR performance for two tasks (WER(%)) . . . . . . ... .. ... ... .... 57
Recognition error rates of different types for CSJ-TESTSETI (%) . .. ... .. 57
ASR performance and real time factor (RTF) of proposed method implemented and

evaluated with larger models trained using larger data for CSJ-TESTSET1 . . .. 58

Character error rates (%) against faithful transcripts and real time factors of pro-
cessing time of ASRmodels . . . . ... ... ... ... .. .. ... . ..., 81
Character error rates (%) against written records and real time factors of processing
time of ASR models. Punctuation marks were excluded from error rate calculation 82

Character error rates (%) against written records and real time factors of processing

time of directmodels . . . . . .. ... L oL 83
Effects of subtask targets in multitask learning (character error rates (%)) . . . . . 84
Comparison of speech segmentation methods in training and evaluation sets . . . 87
Performance of punctuation insertion . . . . . . . ... ... 90

X






Chapter 1

Introduction

Speech is a vocalized form of inter-personal communication. It provides us with a quick,
flexible, inexpensive and effective way to exchange knowledge and ideas with others. It is also
an advantage of oral communication that we can use and observe various types of acoustic cues
such as pitch, tone, and volume. With these cues, speakers’ intentions and emotions are more
accurately conveyed than in written communication, and one can even engage, persuade, incite,
or entertain the counterparts, which facilitates productive and creative interactions among the

participants as apparent in meetings, presentations and lectures.

On the other hand, we have difficulties with information retrieval from spoken materials. For
example, we cannot randomly access to a specific part of interest from a whole speech or video
recording without any appropriate labels for each short segment. Therefore, in order to make the
most of the knowledge and new ideas presented or produced through spoken communication, it
is of great importance to not only record and store the speech data, but also build and maintain

their use-friendly archives with sufficient annotations for later retrieval.

For building useful archives of speech recordings, the first fundamental step is the creation
of their accurate transcriptions. Once appropriately segmented and transcribed, we can use the
results for keyword search, indexing the spoken contents, hot-spot detection, generation of the
time-aligned subtitle, and other advanced functionalities such as translation. With an increasing
use of content platforms such as YouTube, these archiving techniques are expected to be able to

transform speech to a massive source of human knowledge.

Considering that manually transcribing every new spoken material is infeasible, automatic
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speech recognition (ASR) is vital in this transcription process. Unlike some transactional appli-
cations such as banking and flight information service, or other recent voice assistant products,
where speech is just used as spoken queries to complete simple and specific tasks, an ASR
system should accept continuous speech from various topics for transcribing naturally spoken

utterances. It also needs to be able to handle a large vocabulary with 100k word entries or so.

This challenging task of recognizing continuous and spontaneous speech is called large
vocabulary continuous speech recognition (LVCSR). Among many LVCSR applications, tran-
scription of real human-to-human interaction such as meetings and presentations is particularly
difficult, because we cannot assume any strong constraint on runtime acoustic condition, topic,
utterance length, and speaking style to guide a recognizer. The focus of this research is to im-
prove the speech recognition performance for these transcription tasks by addressing a number

of problems with standard LVCSR approaches.

1.1 Challenges in transcribing meetings and presentations

LVCSR models are trained with a large amount of speech and language resources in a fully
data-driven way. However, when transcribing real spoken communication, an ASR system
always has a chance to encounter new speakers, topics and acoustic conditions, which were not
covered in the training dataset. Therefore, data scarcity in a target application domain is the
major challenge for achieving a good ASR performance in real applications. This is particularly
serious for end-to-end (e2e) models, because they require much more parallel training examples
than hybrid systems where each component is separately built and optimized. We summarize

the challenges for accurately and robustly transcribing meetings and presentations as follows.

Acoustic mismatches between training and evaluation data Statistical or deep learning-
based ASR models are prone to be overfitted to particular acoustic conditions observed in the
training data set, and they are unlikely to work well with new data from unknown distributions
of room acoustics, noise, recording devices, speakers and speaking styles. This may be com-
pensated by some supervised adaptation techniques, but they require a considerable amount of

paired speech and labels from a target domain, which is not available in most cases.
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Linguistic mismatches between training and evaluation data Every new presentation or
meeting is on a specific topic with a different vocabulary and word distribution from those in
the training data set, typically with unknown proper nouns or technical terms. Speaking style
also affects the ASR performance. For example, spontaneous utterances include many types of
spoken-language phenomena such as fillers, disfluency, and colloquial expressions. They are

not observed in a read speech corpus at all.

Decoding long speech An autoregressive model is known to be superior to non-autoregressive
ones in terms of speech recognition performance, and thus suitable for tasks where producing
accurate transcription is of higher importance than inference speed. However, an autoregressive
model has an inherent disadvantage that it can only use past predictions at each decoding step
and cannot access to the predictions it will make in the later steps. This is often mentioned
as myopic bias in autoregressive sequence prediction. This bias is more evident with longer
utterances. Using more global target-side information could improve the ASR performance of

an autoregressive model.

Readability of ASR outputs Since conventional ASR systems are designed to faithfully re-
produce all words actually spoken in an utterance, their outputs are not necessarily easy to read
and comprehend due to the existence of spoken language phenomena. For example, spontaneous
utterances contain not only fillers and disfluency, but also redundant and colloquial expressions
even when fluently spoken. They are often ungrammatical. Moreover, the conventional ASR
systems do not produce punctuation marks at all. Consequently, a considerable amount of
manual edits are required for making final texts appropriate for a written record from faithful

transcripts or ASR results [1].

1.2 End-to-end modeling

This study uses e2e models for performing speech recognition and a more advanced task of
generating clean transcripts directly from speech. E2e models have advantages of fast decod-
ing and simplified architectures, which make them easy to adopt in applications, compared to

complicated HMM-based hybrid systems.
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However, they have a serious drawback that they always require paired speech and transcrip-
tions for training. This means that we cannot use untranscribed speech or text resources, which
are easier to collect from a target domain, for adapting an e2e model. This is contrary to ASR
using a hybrid system, where we can easily expand its vocabulary by adding new word entries to
the lexicon, and readily rebuild the language model component with up-to-date written materials
including the latest topics.

We propose a method for creating paired training examples only from text resources that can
be used for expanding the vocabulary of an e2e model and adapting it to the topics in a target
domain. We also propose an adaptation method of speech features that uses only unlabeled and

unpaired speech data.

1.3 Organization of this thesis

Throughout this study, we address the problems of e2e transcription of utterances that are ob-
served in real meetings and presentations. Figurel.l shows an overview of the contents of this
thesis.

After briefly reviewing major approaches in LVCSR in Chapter 2, in order to compensate
the undesirable acoustic mismatches, we propose a feature transformation framework that does
not require any form of paired data based on a cycle-consistency criterion in Chapter 3.

In Chapter 4, we propose a data augmentation strategy for e2e models using text-only data.
In this method, we generate synthetic paired examples that can be used for adapting an e2e ASR
model using e2e text-to-speech.

In Chapter 5, we propose to improve the performance of attention-based encoder-decoder
models using a dual decoder that performs both of left-to-right and right-to-left sequence pre-
dictions. They are combined together in both of the training and inference stages to incorporate
the target-side global information and improve the ASR performance significantly.

In Chapter 6, we present a new speech recognition framework for generating written-style
readable transcripts. This model emulates the way a human professional editor creates a writ-
ten record from Parliamentary speeches by removing fillers and disfluent regions, substituting
colloquial expressions with formal ones, inserting punctuation and recovering omitted particles,

and performing other types of appropriate corrections.
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Chapter 6 concludes the contributions of this research.






Chapter 2

Brief review on LVCSR

2.1 Statistical LVCSR system

The aim of LVCSR is to transcribe naturally spoken utterances in human-to-human communi-
cation. The major challenge here is that we cannot use task-specific constraints and the inputs
are not isolated but continuous speech with diverse acoustic characteristics. This is why statis-
tical approaches [2] using large speech and text corpora has been dominant in LVCSR. Most
mainstream LVCSR systems are composed of three independent components, namely, acoustic

model, language model and pronunciation model, all of which are built in a data-driven way.

The acoustic model learns the phonetic behavior of speakers in the training data [3]. It calcu-
lates the probabilities of acoustic observations in an utterance given a sequence of phonemes. Itis
a set of HMM (hidden Markov model)-based phoneme models [4][5], whose emission probabil-
ity is modeled as a multiple mixture component Gaussian distribution typically with a diagonal
covariance matrix (GMM-HMMs) [6]. A phoneme HMM has three hidden states or so to handle
intra-phone transitions among acoustic frames, while the state-dependent GMM calculates the
probability of the corresponding observation vector, usually represented as the concatenation of
decorrelated Mel-frequency cepstral coefficients (MFCCs) and their delta features. A sentence-
level HMM is built by simply connecting the phoneme HMMs in sequence. All parameters in a
GMM-HMM system are iteratively estimated based on the Baum-Welch procedure using paired

phoneme labels and acoustic feature sequences from a collection of naturally spoken utterances.

Although the use of HMMs provides us with a simple and unified framework for statistical

7
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ASR, there are many practical difficulties to overcome for obtaining a good ASR system with
sufficient accuracy. In particular, because the pronunciation of a phoneme is largely affected
by its neighbors, it is vital to incorporate phonetic contexts in the training of the GMM-HMM
system [3]. This is achieved by modeling phonemes with different left and right contexts using
different HMM realizations. Here, in order to mitigate the data sparsity problem due to the fact
that the number of training examples per each HMM state is drastically reduced when taking the
phoneme contexts into account, phonetic decision tree-based clustering and parameter sharing
of HMM states is performed based on statistics from the single Gaussian system [7][8].

The performance of a statistical ASR system is often not satisfactory in unknown acoustic
conditions. To address the issue, many adaptation or normalization techniques were proposed
to compensate the mismatches between training and evaluation data. Simply subtracting the
mean vector calculated on each input utterance from the acoustic frames in the cepstrum domain
(cepstral mean normalization or CMN) effectively removes multiplicative noise caused by the
channel characteristics of the intermediates between the speaker and ASR system, while ro-
bustness against additive noise is obtained by normalizing the variances of cepstrum coefficients
(cepstral variance normalization or CVN). Vocal tract length normalization (VTLN) [9][10] aims
at ameliorating undesirable effects from speaker variations. VTLN is implemented by warping
the frequency axis in the filterbank analysis with a piece-wise linear function.

More advanced adaptation methods based on statistical approaches were also proposed and
widely used. Among them, maximum likelihood linear regression (MLLR) is the most popular
technique for customizing the HMM parameters to the characteristics of a particular speaker [11].
In MLLR, a set of transformations are computed for reducing the mismatch between an initial
model and the adaptation data from an unknown speaker. These transformations linearly modify
the mean and covariance parameters in a GMM-HMM system. The MLLR parameters are
estimated using an expectation-maximization (EM) procedure. Since the amount of adaptation
data available for each particular speaker is limited in most cases, similar GMMs are forced
to share a single regression function. The feature-space version of MLLR, namely constrained
maximum likelihood linear regression or CMLLR, on the other hand, transforms the acoustic
features so that each state in the HMM system is more likely to generate the adaptation data.

Discriminative training [12] is another important technique to boost the performance of

an acoustic model. It aims at modifying the parameters of a GMM-HMM system so that it
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discriminatively assigns lower sequence-level scores to incorrect hypotheses than the correct
one. In order to generate as many incorrect label examples as possible, we perform speech
recognition on the training corpus using a weak language model such as unigram or bigram with
a large beam width, and generate a dense lattice including many recognition paths. Many criteria
and strategies for discriminative training were proposed. Examples include maximum mutual
information (MMI) [12] and minimum phone error (MPE) [13]. Feature-space discriminative
transformation such as fMPE [14] was also investigated and known to further improve the

performance of a discriminatively trained acoustic model.

In order to decode continuous speech into a word sequence, we also use linguistic constraints
in forms of a language model and pronunciation dictionary. A language model calculates the
probability of a word sequence called n-gram. More specifically, an N-gram language model
calculates p(w|h), the probability of word w given some history h. h typically consists of a few
preceding words. The parameters of the N-gram model are obtained by getting counts in a large
text corpus and performing maximum likelihood estimation. Because we cannot assign any
probabilities to word sequences that were not observed in the training set, N-gram smoothing
techniques play an important role to avoid zero-probability. This is performed by taking some
probability mass of observed N-grams and distribute it to unobserved N-grams. A number
of discounting strategies were proposed including Witten-Bell, Good-Turing and Kneser-Ney
discounting, and empirically Kneser-Ney discounting [15] works better than others. Domain
adaptation is also important in language modeling. In most practical adaptation scenarios, it
is simply done by interpolating parameters of a general model trained on a large corpus and
a domain-dependent model on a limited size of text data from the target domain. The other
important language component, pronunciation model or lexicon, provides a list of mappings
between word entries and their pronunciations. A pronunciation entry is usually a sequence of
phonemes. Each word entry may have multiple pronunciations, and the prior of each pronunci-
ation is calculated based on its occurrence counts in the training corpus.

Once these acoustic and language components are independently built, we combine them to
form a search space on which we decode an utterance into a word sequence. In this decoding,

the most probable candidate is searched for using the following Bayes’ rule:

A

W = argmax P(W|X) = argmax P(X|W) - P(W) (2.1)
W W
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where X is a sequence of acoustic features and 1/ is a candidate word sequence. In this factorized
form of the posterior, the probability of the candidate word sequence P (W) is calculated with
the language model. The acoustic likelihood P (X |V) is further factorized into the conditional
distributions of acoustic features given a phonetic sequence that is calculated with the acoustic
model, and the conditional probability of a phoneme sequence given a word sequence that is
obtained by looking up the lexicon.

The search space for LVCSR is typically very large, which makes naive decoding strategies
developed for limited-vocabulary tasks to be infeasible. Most recent systems use the weighted
finite-state transducer (WFST) algorithm [16] that offers fast search and reduced runtime mem-
ory requirements for decoding. In this method, the acoustic, language and pronunciation models
are separately transformed to WFST graphs, and then combined through composition, determin-
isation and minimization operations into one single graph with a manageable size. We perform

beam search on this optimized search space.

2.2 Hybrid DNN-HMM system

Deep learning-based approaches began to be taken up in acoustic modeling for speech recognition
around 2010. In one of the pioneering work [17], the deep neural network (DNN)-based LVCSR
system yielded 22-28 % relative improvements in word error rate over a strong bMMI-trained
baseline on a conversational speech recognition task. What is notable here is that the DNN
was directly combined into the tied-state context-dependent HMM system and thus we can
reuse most of the sophisticated methodologies developed for GMM-HMMs such as WEST
decoding for performing LVCSR. This model, often mentioned as hybrid DNN-HMM, is built
by replacing all of the GMM components in a GMM-HMM system with a single deep neural
network (DNN) that predicts the posteriors (or scaled likelihoods) of the triphone states (senones)
given an acoustic frame, The DNN part is trained using frame-level senone labels obtained by
performing forced alignment using a well-trained GMM-HMM based on a cross-entropy criterion
through backpropagation. The HMM parameters are simply copied from the GMM-HMM. The
likelihood of a phone-state sequence required in the maximum a posteriori decoding (1.1) is
calculated by dividing the DNN output vectors by the senone priors estimated on the training

corpus.
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In the earliest methods [18][19][17], the DNN part of a hybrid system was a simple feed-
forward neural network that takes spliced acoustic features, typically consisting of 9 to 17 con-
secutive frames of log Mel filterbank outputs (Imfb), as input. Because a feed-forward network
with a number of hidden layers is difficult to train from randomly initialized weights, pretrain-
ing methods such as unsupervised deep belief network (DBN) [20] or layer-wise discriminative
training (DPT) plays an important role for avoiding an undesirable local optima. Hinton et.al
summarized in [21] that the superiority of the DNNs in acoustic modeling is due to that (1)
restricted Bortzmann machine used in the layer-wise pretraining of DNNs are a “product of
mixtures” which is more appropriate for modeling high-dimensional data than GMMs that are
a “sum of mixtures”, (2) DNNs are highly nonlinear models, and (3) DNNs are good at exploit-
ing multiple frames of input coefficients. In the subsequent research efforts, the use of many
different architectures was intensively explored and it was revealed that incorporating long-term
dependencies among frames is important for acoustic modeling. Among many architectures,
long-short term memory (LSTM) [22] and time delay neural network (TDNN) [23]-based mod-
els were shown to be particularly effective. On the other hand, convolutional neural network

(CNN)-based models are known to work well for speech recognition in adverse conditions.

Although the DNN learns to discriminate the correct senone from incorrect ones at each
frame, it can further benefits from additional sentence-level discriminative training based on
latices [24][25]. Many training objectives for sequence discriminative training were investigated
including maximum mutual information (MMI), boosted MMI, MPE and state-level minimum
Bayers risk (sSMBR), among which sMBR is known to consistently work better than others in
various tasks. Later, lattice-free versions of sequence discriminative training [26] such as LF-
MMI or LF-sMBR were proposed and shown to not only eliminate the lattice generation process
and the need for initializing the network with cross-entropy training, but also achieve better ASR

performance.

Speaker or domain adaptation of the DNNs is also an important issue. Adaptation of DNNs is
performed using two distinct strategies. One is based on model retraining. It uses domain-specific
data for retraining the whole or part of network parameters, and thus requires a considerable
amount of adaptation data and computation. The other is speaker coder-based approach. In this
approach, an speaker representation vector such as i-vector obtained from a test utterance is fed

into the input or intermediate layers of the DNN in addition to the standard acoustic features.
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The speaker code-based one is dominant in recent research due to its computational efficiency
and effectiveness.

In parallel of the dominance of the DNNs in acoustic modeling, recurrent neural networks
(RNNs) gradually took over N-grams since they were firstly used for language modeling in ASR
and showed impressive performance in both of perplexity and word error rate reduction in [27].
Because the RNN states are dependent on all of history words, it cannot be represented as a
WEST graph. Therefore, RNN-based language models are used in the postprocessing stage for

rescoring the first pass results.

2.3 End-to-end speech recognition

Both of the statistical and hybrid LVCSR systems use HMMs to deal with temporal variability
of speech and combined with other components such as GMMs, DNNs and language models to
decode speech. On the other hand, end-to-end (e2e) speech recognition directly maps an input
feature sequence into the label sequence using a single neural network. E2e ASR eliminates
the need for lexicons, language models, and complicated decoding algorithms and leads to
fast decoding and simple architecture. We can use grapheme-based tokens such as characters,
subwords and even words for output acoustic units in e2e ASR. E2e ASR models are categorized
into two major types, namely, time-synchronous and label-synchronous models.

The first successful attempt for e2e modeling, connectionist temporal classification or CTC,
was presented as early as in 2006 [28]. CTC is a loss function for training an RNN-based model
that performs a direct mapping between two sequences with different lengths by introducing a
special blank token for null-predictions. Although the CTC-based model was evaluated only in
a small prompted speech recognition task in the original paper, it was later shown to achieve
reasonable performances on major LVCSR benchmarks. CTC is particularly attractive for its fast
decoding due to the non-autoregressive prediction. On the other hand, frame-level CTC predic-
tions are conditionally independent to each other and label transitions in the output sequence are
not modeled well in CTC. In RNN-Transducer [29], the label transitions are explicitly dealt with
a newly introduced predictor subnetwork based on unidirectional RNN. RNN-T demonstrated
the improved ASR performance over CTC. These time-synchronous models are naturally good

at online streaming ASR. They are also known to robustly work in noisy conditions.
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Unlike CTC and RNN-T, attention-based encoder-decoder model [30] or listen, attend spell
(LAS) [31] model, directly outputs a label sequence without making any frame-level predic-
tions. The attention-based model performs a label prediction at each decoding step dependent
on the past predicted labels using unidirectional LSTM cells, as well as the accumulated en-
coder outputs with the attention weighting mechanism. Transformer [32] is an extension of the
encoder-decoder model by replacing all recurrence calculations with self-attention. Although
Transformer was originally proposed for machine translation, it was immediately shown to be
also effective for various speech processing tasks. In particular, Transformer-based acoustic
encoder augmented with additional convolutional component after each self-attention block,
called Conformer, significantly improved the ASR performances of every type of the e2e model.
Thanks to Conformer and the effective data augmentation strategies such as speed perturba-
tion and Specaugment, the performance of the e2e models began to be competitive to or even
outperform strong hybrid systems in many benchmarks.

Another significant improvement has been from self-supervised learning (SSL) of acoustic
encoders. In this approach, CNN, RNN or Transformer-based encoders are trained using a large
amount speech-only data based on various types of SSL tasks such as masked-input prediction.
Examples include CPC [33], wave2vec-2.0 [34], and Hubert [35]. They are particularly effective
in low-resource ASR scenarios with a limited amount of labeled speech.

RNN-based language models are now directly incorporated in decoding with e2e models via
integration methods such as shallow fusion [36] and cold fusion, unlike in the hybrid systems.
This is achieved by simply using both of the acoustic score from the ASR model and the language
score from the language model to make label predictions in beam search.

In the following, we present a more detailed review on the training procedure and model

architecture of three e2e methods we use in this research.

2.3.1 CTC-based model

In CTC-based speech recognition [28], we perform a mapping between two sequences with
different lengths using a special token called blank for null-predictions. An acoustic feature
sequence X is converted into a sequence of representation vectors of the same length using an

acoustic encoder implemented using unidirectional or bidirectional RNN layers, or Transformer.



14 CHAPTER 2. BRIEF REVIEW ON LVCSR

H = Encoder(X) (2.2)

We apply a linear transformation and softmax operation to this sequence to make frame-level

predictions.

O = Softmax(Linear(H)) (2.3)

We can generate an expanded label sequence 7 with the same length as the input from the
reference label sequence by duplicating the same label arbitrary times and inserting the blank

into an arbitrary position in the label. The conditional probability of 7 is given by:

T
p(w|X) =[] om (2.4)
t=1

where o, ., is the corresponding element in the model output o, to the expanded label ; at frame
t. We represent the operation of deleting blanks and duplicated labels as 5. By summing up the
conditional probabilities of all alignment paths that are reduced to the original label sequence Y

by [, we can calculate the probability of Y.

T

p(YIX)= Y p(x|X) (2.5)
wef~1(Y)

We define the CTC loss function as the logarithm of the probability.

losscrc(X,Y) = —log(p(Y|X)) (2.6)

As apparent from the above definition, the CTC loss strictly enforces that the input and target

sequences are monotonically aligned.

2.3.2 Attention-based encoder-decoder model

In attention-based speech recognition, we model seq2seq mapping between speech and label
sequences using an encoder-decoder architecture [30, 37]. This architecture has two distinct
sub-networks. One is the encoder which transforms an acoustic feature sequence of length 7'
to a sequential representation. Based on this encoded acoustic information, the other decoder

sub-network predicts a label sequence whose length L is usually shorter than the input length 7'.
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The decoder uses only a relevant portion of the encoded sequential representation for predicting
a label at each time step using the attention mechanism. The encoder is implemented as multi-
layer bidirectional RNN such as LSTM [22], and the decoder usually consists of a single layer
of unidirectional LSTM followed by a softmax output layer.

The attention-based models are formulated as follows. The encoder transforms input acoustic
features X = (xy, ..., xr) to a sequential representation H = (hy, ..., hy) that summarizes the
characteristics of the input. In the following decoding step, the hidden state activation of the

RNN-based decoder at the /-th time step is computed as:
r; = Recurrency (’rl_l,gl, yl_l) , 2.7)

where g; and y;_; denote the "glimpse" at the /-th time step and the predicted label at the previous

step, respectively. The glimpse g; is a weighted sum of the encoder output sequence:
g, = Z ayihy, (2.8)
t
where a4 is an attention weight for h;. It is calculated as:

€t = SCOTG(T’t_l, h’t7 al—l)) (29)
T

apy = exp(ey)/ Z exp(e ). (2.10)

=1

There are many choices for implementation of the score function (4). In this study, we adopt

the hybrid location and content-based attention mechanism [37] as follows:

ey = w tanh(Wry_1+Vh+Uf,, +b), (2.11)
Ji = Fxaogy, (2.12)
where * denotes one-dimensional convolution. Using g; and r;_;, the decoder predicts the next

label y; as:
y ~ Generate (r_1,9,) , (2.13)

where the Generate function is implemented as:
Rtanh (Pr;_1 + Qg,) - (2.14)

The objective for training the attention models is a cross entropy loss calculated between the

predicted label sequences and the target label sequences.
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Algorithm 1 ForwardBeamSearch(B, X))

1:

2:

3:

4.

F': set of completed label sequences
NewSeqs : set of label sequences at current output time

Segs : set of label sequences up to the last output time

F < {¢}, score({sos)) =0, Seqs < {((sos))}

5:b«< B

6: while b > 0 do

7:

8:

9:

10:

11:

12:

13:

14:

15:

16:

17:

18:

19:

20:

21:

22:

23:

NewSeqs < {¢}
for sequence s € Segs do
Y <« The b best words in terms of p(y|s, X)
for word y € Y do
sT < concat(s,y)
score(s™) = score(s) + log(p(y|s, X))
if y = (eos) then
add st to F'
b=b-1
else
add s* to NewSeqs
end if
end for
end for
Seqs < The b best sequences in NewSegs in terms of score(s™)
end while

return set of sentence candidates F’
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Figure 2.1: Transformer-based ASR model

A runtime decoding algorithm for word-level attention-based models is presented in Algo-
rithm 1. This algorithm returns the B-best sentence candidates using a decreasing beam width
initialized with B. It is simple since we do not need to incorporate external dictionaries or
language models. (sos) and (eos) are special symbols for the start and end of a sentence. The
posterior probability of a word at each decoding step p(y|s, X ) on line 9 and 12 is calculated us-
ing formulas from (1) to (8). After performing Algorithm I, we rescore each sentence candidate

s in F’ using an insertion penalty A as follows:
rescore(s) = score(s) — \|s|, (2.15)

where |s| is the length of sequence s, and score(s) is the value calculated on line 12 of Algo-

rithm 1. We output the sentence with the largest rescore(s).
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2.3.3 Transformer

Transformer [32] is a variant of sequence-to-seugnce models consisting of distinct encoder
and decoder subnetworks. Transformer was originally proposed for machine translation, but
later shown to be also effective in various speech processing tasks [38][39][40]. We depict the

architecture of a Transformer-based ASR model in figure2.1.

The output of each Transformer layer is calculated using the multihead attention mechanism

as follows:

Multihead(Q, K, V') = Concat(head;, heads, ..., head,) W* (2.16)

head; = Attention(QW<, KWEX vwY) (2.17)
T

. QK
Attention(Q, K, V') = Softmax
@ K.V) (S

% (2.18)

where the dimensionality of the output and the number of attention heads are defined as d,, 4
and h, respectively, and Q € Ra*%, K € R%*d% V ¢ Rivxdv, WZQ € Ritmederxda WK ¢
Rémoderxdi W/ ¢ Rdmoderxdv WO ¢ Rhdvxdmoser  Here, we usually assume t;, = t, and
dy = di, = dy = dpoder/h. Using this multihead attention mechanism, the output sequence of

each encoder layer X _is given by:

A = LayerNorm(X 1) (2.19)

B, = X7, + Multihead(A7,., AZ,., AZ,.) (2.20)
C;.. = LayerNorm(B, ) (2.21)

X! .=B._ +FFN(CC., ) (2.22)

where X? == X + P, using a sinusoidal positional encoding P.

On the other hand, the output of each decoder layer is calculated using both of the output of

! and the encoder output X . Note that we define X9, , =

the previous decoder layer X}’ dec

Embedding(Y) + P.

dec
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A7 = LayerNorm (X7 1) (2.23)

Bj.. = Aj..' + Multihead (A7, A7, A7) (2.24)
. = LayerNorm(B7.,) (2.25)

D7 = B7 + Multihead(C7,, XY XN ) (2.26)
E7.. = LayerNorm(D7},,) (2.27)

Xee = Dy + FEN(EG,,) (2.28)

We perform label prediction at each decoding step using the output of the final decoder layer
XM as:

dec

O = Softmax(Linear(X 2 )) (2.29)

We define the loss function as cross-entropy between this model prediction and the reference

label sequence.

N
l08STrans former (X, Y) = Z onehot(y, ) log(o,) (2.30)

n=1






Chapter 3

Cross-domain speech recognition using
nonparallel corpora with cycle-consistent

adversarial networks

There are a number of potential needs for domain adaptation of acoustic models in ASR, be-
cause the performance of ASR systems is known to be drastically degraded in unkown acoustic
conditions as we mentioned in Section 1. One example is a noisy speech recognition task. ASR
in noisy conditions was conventionally addressed by multi-condition training of acoustic mod-
els using simulated noisy corpora, which is artificially generated by convolving room impulse
responses and adding noise to clean corpora. Another approach is acoustic feature enhancement
in frontend using denoising autoencoders [41][42][43][44][45], where mappings from noisy
features to enhanced features are learned using paired examples between clean and simulated
noisy corpora. The problem with these methods is that the mixing process of speech and noise
in real noisy conditions may have a highly nonlinear nature, and the simulated data generated
using linear transformations described above has a very different characteristics from real noisy
data, which can limit the performances of the methods based on simulated data. In fact, discrep-
ancies between the recognition performances for simulated and real noisy test data have been
reported in the literature [46][47]. Generating simulated data also requires a considerable cost
for carefully recording room impulse responses and noise backgrounds in the target conditions

which can sometimes lead to an infringement of privacy. On the other hand, annotating real

21
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noisy corpus is highly expensive, and paired examples between clean and real noisy data can not
be generated in principle, as in most of other adaptation problems such as speaker or speaking
style adaptation.

In this chapter, we propose a novel approach to cross-domain speech recognition requiring no
corresponding examples between source and target domains and no labels for the target domain
corpus. In the proposed method, acoustic models are trained using "fake" target domain features
translated from source domain features using a complex nonlinear mapping provided by a variant
of generative adversarial networks (GANSs) [48]. This network is trained without supervision
using source and target domain corpora. The method does not require initial speech recogni-
tion results which are crucial in typical retraining approaches for unsupervised acoustic model
adaptation. Two notable design choices are incorporated into the network including the cycle
consistency loss criterion [49] in the training to guide the network to retain useful information
for speech recognition in the translated features. In the experiment, we also demonstrate that
"fake" source domain features generated by an inverse mapping from target to source domain
can contribute to improve the speech recognition performance.

After we introduce our proposed method for cross-domain speech recognition in Section
2, the detail of the network architectures and the training procedure is explained in Section 3.

Experimental evaluations are presented in Section 4 before the conclusion in Section 5.

3.1 Acoustic model adaptation with generative adversarial

networks (GANS)

The problem we address in this chapter is summarized as follows. We have two kinds of data
which belong to two distinct domains, namely, "source" and "target" domains. For the source
domain data, we have manual transcriptions which can be used for training acoustic models,
but we do not for the target domain. We also do not have paired examples between these two
domains. Our objective is to improve ASR performance for test data which belongs to the target
domain under these constraints.

This is a very common situation we encounter frequently. In the following parts of this

section, we particularly take an "noise-robust ASR" example where the source domain is clean
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Figure 3.1: Original cycle GAN architecture for image-to-image translation

speech and the target domain is noisy speech in explaining our proposed method for under-
standability. Our approach is to train acoustic models using "fake" noisy features translated
from clean features for which we have transcriptions. The most important issue here is how to
generate a realistic "noisy" version of clean features in the absence of paired examples between
two domains. This is a much more difficult setting than in conventional denoising autoencoder
approaches ([SO][S1][41][42][43][44][45]).

We propose to use the concept of generative adversarial networks (GANs) [48] and cycle
consistency adversarial networks (cycle GANs) [49], which recently yielded impressive results
in the image processing area, for generating translated data. Moreover, we introduce an en-
hancement in the architecture of GANSs in order to achieve desirable characteristics for ASR in

translated features.

3.1.1 Generative adversarial networks for domain translation

GAN is a framework for estimating generative models via an adversarial process, in which
two models G and D are simultaneously trained. G is a generative model that captures the
data distribution, and D is a discriminative model that estimates the probability that a sample

came from the training data rather than G. While the original GANs generate data from latent
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variables, we consider here a network GGs_,7 which transforms speech from a domain S (e.g.
clean speech) to some other domain 7" (e.g. noisy speech). This generator network Gg_,r is
trained such that the distribution p, () of speech features ¢ in 7" is indistinguishable from the
distribution of "fake" target domain speech features Gg_,r(s), where s is subject to the source
domain distribution py,.(s). In the GAN framework, this is achieved by optimizing the following

minimax criterion:

G = arg min max Loan(Gs—r, Dr), 3.1
Gs_t Dr

where an adversarial objective Loan(Gs—r, Dr) is defined as:

Lean(Gsor, Dr) = Eyep,,p[log Dr(t)] +

Espore(s)[108(1 = Dr(Gsr(s)))]; (3.2)

and Dy is a discriminator network with its output representing the probability that the input
comes from 7". By the optimization criterion (1), Dy is trained to maximize Dr(t) fort € T and
minimize Dr(Ggs_r(s)) for fake data Gs_,r(s) generated from s € S, while Gs_,r is trained

to maximize Dr(Gs_r(s)).

3.1.2 Cycle consistency loss

GANs may provide us with a powerful way to translate data across domains without parallel
examples, but they are too under-constrained for keeping discriminative information required in
ASR. For example, information such as formant trajectories needs to be preserved after domain

translation, but the adversarial loss (2) may not enough for it.

Therefore, we choose to train not only a source to target mapping Gs_,r, but also a target
to source mapping Gr_,s in a consistent way by introducing a constraint that these mappings
should be "cycle consistent" [49], namely, the data translated by G s_, is mapped back by G7_, 5
to a source domain feature as close as possible to the original feature, and vice versa. Thus,
we expect that the information for reconstructing the input data in either domain is kept in the

domain-transformed data. We can incentivize this behavior using a cycle consistency loss:
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Figure 3.2: Proposed cycle GAN-based architecture for acoustic feature transformation

ECyC(GS—)T7 GT—>S) =
Espere(s)[|Gr=5(Gs1(8)) — sl1]

FEtpioe )| G5 (Gross(t)) — 1] (3.3)

By paring this cycle consistency loss with the standard adversarial loss, we encourage

Gs_7(Gr_s(t)) ~ t and Gr_5(Gs_7r(s)) ~ s. The structure of GANs with the cycle

consistency loss is depicted in Fig. 3.1.

The full objective for training Gs_,7, Gr_.s, Ds and Dy is:

L(Gs—r,Gros, Ds, Dr) = Laan(Gsor, Dr)
+Lcan(Gros, Ds)

+a£cyc(GS—>T7 GT—)S)' (34)
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3.1.3 Modified network architecture for acoustic feature transformation

We also consider to add more structure to our network architecture for further improving the
quality of the transformed data.

We build two distinct paths in each of G, and G7_,5, which will be summed together
to generate transformed data (Fig. 3.2). The first path is basically an identity mapping, which
explicitly guarantees that the detailed structure in the input data will be preserved after the
domain translation. The second has a generative network Fs_, or Fir_, g which has a capacity
to learn a complex nonlinear mapping like generators in standard GANs. With the existence of
the first identity mapping path, the generative networks in the second path are enforced to learn
devotedly the "difference" between two domains. Submapping-wise scaling factors A and p are
introduced for adjusting the intensity of each component before summation.

Now the mappings Gs_,7 and Gr_, ¢ are reformulated as:

Gs-1(8) = Asor © Fsor(8) + prgr © s, (3.5)

GT—)S(t) = AT—)S © FT—)S(t) + Hr_.s O] t; (36)

where ® means element-wise multiplication.

3.2 Implementation

3.2.1 Network architecture

Following the description in the implementation part of [49], the architecture for the generative
networks Fs_,7 and Frr_ g (Fig. 3.3) is adapted from Johnson et al. [52]. A feature map of size
40x11x1 consisting of eleven frames of 40-channel log Mel-scale filterbank (Imfb) outputs is
used as input to the networks. Each generative network has two subnetworks for downsampling
and upsamping. The downsampling subnetwork consists of three convolutional layers and nine
residual blocks [53]. Each residual network is composed of two stride-1 convolutions and a
residual connection which bypasses them. On the other hand, the upsampling part has two
deconvolutional layers followed by one stride-1 convolution. The filter and stride size in each
convolution layer are depicted in Fig. 3.3. For example, (conv,3x3,1x1) means a convolution

layer with a filter of size 3x3 and a stride of size 1x1. Note that we chose a smaller size
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Figure 3.3: Network architecture for Fs_,7 and Fr_,g

for convolutional filters than in [49], because the size of our input images composed of Imfb
features is much smaller than those in typical image processing applications. We used instance
normalization [54] in layers specified in Fig. 3.3 before applying nonlinearities. Leaky ReLU
nonlinearities with a slope of 0.2 are used in all layers with the exception of the output layer,
which uses an identity function.

The architecture for the discriminators Dg and Dy is depicted in Fig. 3.4. The network
has two convolutional layers, followed by three fully-connected layers. While Leaky ReLU
nonlinearities are also used in the discriminators, we did not apply instance normalization here

as suggested in [55].

3.2.2 Training procedure

We used Wasserstein GANs (WGANSs) [56] for building our generative networks instead of
standard GANS to stabilize our model training procedure and avoid training problems inherent
in GANSs such as model collapse. Gradient penalties recently proposed in [55] are also used in

training WGANS instead of the weight clipping technique [56] to enforce the Lipshitz constraint.
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Figure 3.4: Network architecture for Dg and Dt

Accordingly, the full objective (4) is modified as:

L(Gsor,Gros, Ds, Dr) = Lwean(Gs—r, Dr)
+Lwean(Gros, Ds)

+a£cyc(GSHT7 GT*)S), (37)

where Lwaan(Gs_r, Dr) is:

Lwean(Gsor, Dr) = Egopy, ()| Dr(t)]

—Esnpore(s)[Dr(Gs1(8))]

~BEi e [(12: D2 (@) |2 — 1)7]
~BEsmpere( (125 Ds (8)[|l2 — 1)°], (3.8)

where, for example, Eiwptgt(i)[(HAiDT(i)HQ — 1)?] is the gradient penalty for critic' Dy. We
defined t as t = at + (1 — a)Gs_,p(s) using a random variable @ ~ U(0, 1), 8 ~ pg..(s) and
t ~ pige(t), as suggested in [55]. More detailed explanations on WGANS and gradient penalties,
which are out of scope of this research, are found in [56] and [55].

Following the recipes in [56] and [55], we update critics Dg and D nisic times before updat-

ing Gs_.r and Gr_, g for each minibatch iteration. Note that while the critics are trained to mini-

'When we use WGANSs, we call the networks Dg and Dy "critics", because they actually don’t discriminate

anything.



3.3. EXPERIMENTAL EVALUATIONS 29

mize —L(Gs_7, Gr—s, Ds, D7), the generators are trained to minimize £(Gs—,1, Gr—s, Ds, Dr).
We set neitic to be 4 in all our experiments. We used the Adam optimizer [57] with a minibatch
size of 256 for each of source and target domain data. All network parameters are initialized
with random values with the exception of A and g, which were initialized with 1, and trained

with a learning rate of 0.0001 for 20 epochs. We set « in (7) to be 10, and S in (8) to be 10.

3.3 Experimental evaluations

We evaluated the proposed methods through two domain adaptation tasks, namely, noise-robust

speech recognition and speaking style adaptation.

3.3.1 Noise-robust speech recognition

First, we evaluate the proposed method on a noisy speech recognition task, specifically the 1-
channel track of the fourth CHiME Challenge [47], where the source domain is clean speech and
target domain is noisy speech. CHIMES3 is a data set for evaluating robust speech recognition
systems. The "source" clean training set consists of 7,138 utterances from WSJO corpus. The
"target" noisy training set consists of 1,600 real noisy utterances and 7,138 simulated noisy
utterances generated by artificially mixing the clean training set with noise backgrounds. There
are four different types of noisy environments, namely, bus, street, cafe, and pedestrian area [47].
A 440-dimensional feature vector consisting of 11 frames of 40-channel Imfb outputs is used as
input to domain translation networks, as described in Section 3.1. The acoustic feature vectors
in each set are normalized to have a zero mean and unit variance, and shuffled at frame level. For
simplifying our training procedure, we used the same amount of shuffled data for both domains.
We trained a CNN-HMM acoustic model [58] using the clean training set described above. It
has two stride-1 convolutional layers, three fully-connected layers with 2k rectified linear units
(ReLUs) [59] and a softmax output layer with 2k nodes. Each convolutional layer is followed
by a stride-2 max pooling layer. The first convolutional layer has 180 filters of size 5x11, and
the second one has 180 filters of size 5x1. The same 440-dimensional Imfb-based feature vector
is used as input to the acoustic model as used for the domain translation networks, and we can

directly input the translated features to the acoustic model. For decoding, we used the Kaldi
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Figure 3.5: An example of noisy utterance and the translated "fake" clean data with various methods
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Figure 3.6: An example of clean utterance and the translated "fake" noisy data with the proposed method

WEST decoder [60]. The language model is the standard WSJ Sk trigram LM. We used the

real noisy evaluation set ("et05_real_noisy") consisting of 1,320 utterances for evaluating the

methods.

We present some examples of comparative domain translation results with the proposed

approaches. Fig. 3.5 depicts an Imfb spectrogram of noisy speech and its domain transformation

results using three different methods”. Fig. 3.5 (b) is the "fake" clean speech translated from the

original noisy speech (a), using G_, g trained only with the Wasserstein adversarial loss. Note

that when the cycle consistency loss is not used, G's_,r and Gp_,s are trained independently,

2 Although a domain translation output vector consists of 11 frames of 40-channel Imfb features, we show here

only the sequence of the center frames.
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Table 3.1: Performance of proposed methods (WER(%))

acoustic model feature cycle loss | Aand o | WER | ID
no adapt. no adapt. - - 41.08 | (1)
no adapt. adapt. with Gr_,¢ no 1,1 5545 | (2)

yes I, 1 37.34 | (3)

yes trained | 36.56 | (4)

adapt. with Gg_,1 no adapt. yes 1,1 35.98 | (5)
yes trained | 34.31 | (6)

because they cannot affect each other. Obviously, (b) is totally different from the original
utterance (a), and it hardly looks like human speech since it does not have formant trajectories.
Compared with (b), the translated utterance with a GAN trained using the cycle consistency
loss (c) has much more detailed structures as expected. It looks "cleaner" than (a) because it
has more blue regions, and it is much more like human speech than (b). However, the apparent
phonetic structure in the original data seems to be totally lost in (c), which is fatal for ASR. (d)
is the translated data with a GAN which has our proposed network architecture and was trained
using the cycle consistency loss. Noise is effectively suppressed and speech is enhanced here,
and more importantly, a consonant-vowel phonetic structure is clearly seen in the translated

spectrogram.

In Fig. 3.6, we show a "fake" noisy data translated from a clean utterance using G's_,7. We
separately present the outputs of two subnetworks (cf. Fig. 3.2) in order to show the mixing
process. (a) is the output of the identity mapping component, which is of course identical to the
input s. (b) is the output of the generative network component Fs_,7(s), and (c) is the resulting
noisy version of the input utterance generated by simply summing (a) and (b) together. In this
example, we chose the network trained with fixed weights, A = p = 1, for the purpose of
demonstration. We can see that our method can make up a quite realistic noisy utterance which

has similar characteristics to a real noisy data such as (a) in Fig. 3.5.

We show the speech recognition results by our proposed methods in Table 3.1. First, we eval-
uated the performance of speech enhancement using the noisy to clean mapping Gr_, 5. Speech

recognition was performed using the acoustic features of the real noisy test set transformed using
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Gr_,s and the baseline acoustic model trained using the clean data. By comparing the results
for the original noisy data (row (1)) and the enhanced data (row (3)), we see that the proposed
method effectively enhanced the acoustic features and yielded an improvement of 3.7 points in
WER. Moreover, by introducing the submapping-wise scaling factors A and p, we had a further
improvement of (.78 points (row (4)). We also show the result for a GAN with our proposed
architecture trained without the cyle consistency loss in row (2), from which we understand that
the constraint that the mappings are cycle-consistent is essential for the desired quality in the
translated features. Next, we evaluated the ASR performances of the adapted acoustic models.
These models were trained using the "fake" noisy data translated with G's_,7. From the results
in row (5) and (6), we understand that the model adaptation approach is more effective than
the feature enhancement approach (row (3) and (4)), and training X and g is also beneficial for
adapting acoustic models. The best model achieved WER of 34.35 % which is a 16 % relative
improvement from the baseline. We see this outcome quite promising as a result of our first trial
of unsupervised domain mapping, even though it is not yet comparable to the WER of 21.15 %
which is achieved by the traditional training approach in which we make direct use of labeled

simulated noisy data for acoustic model training.

3.3.2 Speaking style adaptation

We also applied the proposed method to speaking style adaptation of acoustic models to improve
the ASR performance for test data with a different speaking style from the training data.

We used three corpora with different speaking styles, namely, JNAS (Japanese Newspaper
Article Sentences), and APS (Academic Public Speaking) and SPS (Simulated Public Speaking)
subcorpora from the CSJ (Corpus of Spontaneous Japanese). JNAS is a read speech corpus, and
utterances in CSJ-APS and CSJ-SPS have spontaneous speaking styles. CSJ-APS consists of
live recordings of academic presentations in public, and speeches in CSJ-SPS were presented in
front of a small audience and in a relatively relaxed atmosphere. Speaking style transformation
experiments were conducted using JNAS and CSJ-APS as source domains and CSJ-SPS as a
target domain. We used the same amount of data (20 hours) for each corpus in training the

GAN:E.

Fig. 3.7 depicts a Imfb spectrogram of a CSJ-SPS utterance transformed to JNAS style.
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(b) translated "fake" JNAS data

Figure 3.7: An example of CSJ-SPS (simulated public speech) utterance and the translated "fake" JNAS

(read speech) data with the proposed method

Table 3.2: Performance of proposed methods applied to speaking style adaptation (WER(%))

source target feature WER

JNAS | CSJ-SPS no adapt. 26.47
adapt. with Gr_.¢ | 25.93

CSJ-APS | CSJ-SPS no adapt. 17.15
adapt. with G5 | 16.60

While a number of differences between the original and transformed data can be observed, the
most evident one is the enhanced formant structures in the region from the 20th to around the
50th frame, which corresponds to a filler word consisting of one long vowel "e:". It is a natural
consequence considering that a more articulately pronounced vowel is a characteristic of read
speech.

We present speech recognition experiment results using the adapted acoustic features in
Table 3.2. The acoustic models were trained using source domain data. The WERs were
improved by 0.5 points by adapting acoustic features to the source domains. The most remarkable

point is that these improvements were obtained using only acoustic signals of the target domain
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without any supervision labels. From these results, we understand that our method can be applied
to speaking style adaptation as well as noise-robust acoustic model training. Note that we did
not conduct acoustic model adaptation with G g_,7 in the speaking style translation experiments

due to the limited time.

3.4 Conclusion

We proposed a novel approach to noise-robust acoustic training with GANs which are trained
with a cycle consistent loss and have a specially designed architecture for retaining discriminative
information in translated data. We demonstrated the effectiveness of the proposed method in
noisy speech recognition and speaking style adaptation.

This is our initial attempt to apply deep generative networks for speech recognition. We are
interested in extensions of the proposed methods such as introduction of recurrent structures for
incorporating longer context information. Another promising direction is to use class information

in training GANSs [61] to enhance discriminability in translated data.






Chapter 4

Leveraging sequence-to-sequence speech
synthesis for enhancing acoustic-to-word

speech recognition

4.1 Introduction

We have seen a rapid development of alternative sequence-to-sequence (seq2seq) approaches
to speech recognition based on connectionist temporal classification (CTC) [28, 62, 63, 64],
attention-based encoder-decoder models [30, 37, 31, 65] and RNN-transducers [29, 66]. Their
remarkable advantage is that they get rid of dependency on frame-level probabilistic state tran-
sition models such as HMMs. An extreme example of the seq2seq approach is acoustic-to-word
(A2W) models [67, 68, 69] which directly map acoustic signals into word sequences. They
do not require any external decoders, leading to an extremely simplified architecture of ASR
systems and very low latency. Outputting words rather than phones or characters is also an ad-
vantage since it requires no post-processing to utilize the ASR output in the subsequent natural
language processing such as dialogue, translation and information query.

We have shown in [69] that attention-based models in which the label output probability
is explicitly conditioned on the past output are significantly better than CTC-based models for
word-level seq2seq speech recognition. We have also demonstrated in [70] that an attention-

based A2W model achieved a WER reduction of 25.3% relative from a state-of-the-art hybrid

37
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DNN-HMM system with a decoding speed faster by a factor of 50. In this chapter, we further
seek to improve the attention-based A2W speech recognition system.

Although A2W models are attractive for multiple reasons we pointed out above, they have
some drawbacks compared to conventional systems based on phones or characters. The most
important problem is that they cannot predict posterior probabilities for unknown words which
did not appear in the training data and have no mechanism to add new words to its vocabulary.
This is a serious problem, since an ASR system may encounter a number of words specific to
the domain which are out of vocabulary (OOV) of the system, when it is deployed in a particular
task domain.

In addition to this OOV word problem, there is another issue that A2W models have no
way to utilize text data directly to improve its language modeling capability. It is because A2W
models are trained in a seq2seq manner from pairs of speech and word labels. In other words,
they are constrained to learn a probability distribution over word sequences only from a limited
amount of labeled speech, although it could be estimated more reliably from a large collection
of texts covering many linguistic phenomena. It also implies that we cannot perform domain
adaption of A2W models using relevant texts in a target domain.

Recently, sequence-to-sequence neural speech synthesis models trainable from corpora have
been developed and shown to achieve naturalness comparable to recorded human speech [71,
72, 73]. In this chapter, we propose a novel approach to address the problems inherent to
A2W models exploiting the current seq2seq speech synthesis technologies. In this approach, we
perform training data augmentation by generating speech features from a set of target domain
texts using a seq2seq speech synthesizer. These artificial speech features together with real
speech features from conventional speech corpora are used to train an attention-based A2W
model. We only need to prepare relevant texts to the application domain of the speech recognition
system, which are much more easily accessible than labeled speech data. We can expand the
vocabulary and enhance the language modeling capability of the A2W model using new words
and word contexts included in the augmented data. Moreover, our method makes it possible
to integrate an A2W model with an RNN-based external language model in a natural way by
ensuring that they have the same vocabulary. We also explore an encoder freezing learning
technique to prevent the undesirable effects from the uniformness of synthesized speech.

The experimental evaluations show that the proposed approach implemented with a speech
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synthesizer trained using speech data from a single female speaker significantly improved the
speech recognition performance compared to the baseline models trained using only the real

speech data.

4.2 Sequence-to-sequence speech synthesis

Seq2seq speech synthesis is a technology for generating speech directly from text which does not
require complex multistage pipelines unlike traditional text-to-speech (TTS) systems. Although
a number of distinct architectures have been proposed [74, 71, 72, 73], these systems are
commonly composed of an attention-based feature prediction network which maps character
embedding to mel-scale spectrograms or vocoder parameters, followed by a vocoder which
synthesize time-domain waveforms from these predicted features. In this research, we use
Tacotron 2 [72] which has a relatively simple architecture similar to our A2W model and was
shown to achieve striking naturalness. Here, we describe in depth the feature prediction network
of Tactron 2 along with the network configurations we used in our experiments. Note that we
do not need a vocoder, since what we need is mel-scale spectrograms for training a recognizer
rather than waveforms.

The feature prediction network consists of the character encoder and the attention-based
decoder subnetworks. The former summarizes the input character sequence and outputs a se-
quential representation of the same length as the input sequence. The latter predicts a sequence
of Mel-spectrograms in an autoregressive way conditioned on the encoder outputs.

In the encoder subnetwork, each input character is first mapped to a 512-dimensional con-
tinuous vector. This mapping is performed via a learnable character embedding layer. These
character embeddings are fed to a stack of 3 convolutional layers. Each layer convolves 512
filters of size (5, 1) to its input, followed by batch normalization [75] and ReLU activations.
The output of the final convolutional layer is input to a one-layer bidirectional LSTM with 256
memory cells in each direction to generate the encoded features.

The decoder subnetwork predicts five consecutive frames of Mel-spectrograms at each de-
coding step based on the encoder outputs and the final frame of the predicted features at the
previous step, as follows. The encoder outputs are summarized using the location-sensitive

attention mechanism [37]. The attention weight at each decoding step is calculated using the
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128-dimensional projected vectors of the decoder LSTM state, the encoder output sequence and
the location features. The location features are calculated by convolving 32 one-dimensional
convolution filters with length 31 to the cumulative vector of the attention weights in all past
decoding steps. The sum of these vectors is normalized using a formula equivalent to (4) in the
last section after applying tanh activation to generate the attention weight of the current decoding
step. Meanwhile, the last one frame of the prediction in the last time step is passed through a
pre-net consisting of two fully-connected layers with 256 ReLLU units. This pre-net output and
the attention vector are concateneted to be provided to a 2-layer unidirectional LSTM with 1024
memory cells. The LSTM outputs together with the attention context vector are passed through

a linear projection layer to predict the 5 frames of the target Mel-spectrograms.

After finishing all decoding steps, the predicted Mel-spectrogram sequence are processed by
a 5-layer convolutional post-net which predicts a residual to add to the original prediction. Each
convolutional layer has 512 filters of size (5, 1). Batch normalization and tanh activations are
applied on all but the final layer. The entire network is trained using the L1 distance between

the predictions and the target spectrograms as the loss function'.

The decoder simultaneously predicts if the output sequence has completed or not at each
time step. It is judged based on the decoder LSTM output and the attention context. More
precisely, the concatenation of these vectors are projected down to a scalar and applied with
sigmoid activation to calculate the probability that the decoding is complete. In the runtime of

speech synthesis, we stop generating acoustic features if this probability exceeds 0.5.

Seq2seq speech synthesis techniques are commonly shown to achieve very high mean opinion
scores (MOS) using unified simple architectures which are easy to implement and optimize. They
also have an advantage that they generate a sequence of acoustic features we can use directly as
the input to speech recognition systems. These are the reasons why we adopt seq2seq speech
synthesis in our proposed approach instead of conventional unit selection-based concatenative

methods or HMM-based statistical parametric methods.

!The original Tacotron 2 used the mean squared error (MSE), which gave slightly worse results than the L1 loss

in our preliminary experiments.
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4.3 Proposed method

Before introducing our proposed methods, we recap the problems with A2W models. First,
they cannot predict posterior probabilities of words which did not appear in the training data.
Therefore, they are never able to recognize a sentence with these OOV words correctly. Second,
since the entire network of an A2W model is trained in a seq2seq manner from pairs of speech
and word sequences, there is no direct way to enhance language modeling capability of the
model even if a large collection of texts is available.

A simple way to address the OOV word problem is to combine A2W models with character-
based models [76, 69]. In this approach, speech is decoded using both of an A2W model and an
acoustic-to-character (A2C) model. When an OOV word is detected with the A2W model, the
character sequence from the A2C model appearing in the speech segment corresponding to the
OOV word is output instead of the OOV symbol. These methods assume that OOV words are
detected with a high recall rate. A more recent approach called the modular training of A2W
models aims to resolve both of the two problems [77]. An A2W model is factorized into two
modules, an acoustic-to-phoneme (A2P) model and a phoneme-to-word (P2W) model. This is
similar to the traditional hybrid systems which combine acoustic, transition, pronunciation and
language models in a modular way. The P2W model maps phone sequences to word sequences
and can be trained from text data without speech.

In this research, we propose a more direct approach for enhancing A2W models inspired by
the recent progress in seq2seq speech synthesis. Our method makes it possible to train A2W
models from arbitrary sentences leveraging a state-of-the-art speech synthesis technique. It does
not require any modification to the simple architecture of A2W models or additional lower-level

models retaining the full strength of vanilla A2W models.

4.3.1 Training data augmentation

We exploit seq2seq speech synthesis reviewed in the previous section for augmenting training
data for attention-based A2W models using relevant texts to a target domain. Addition of the text
with right words and word contexts unseen to the baseline model, trained only with an available
real speech corpus, will contribute to expand the vocabulary and improve the language modeling

capability of the A2W model.
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In our first attempt of the proposed approach in this research, we work with the Japanese
language. Since the number of distinct characters in Japanese are a few thousands, unlike
languages such as English where the number is a few tens, it is obvious that we will have too
many number of parameters in the model as well as a serious sparse data problem if characters
are used as input units. Therefore, we opted to choose phones as the input unit rather than
characters in the original Tacotron2.

We use a 40-dimensional vector consisting of 40-channel log Mel-filterbank (Imfb) outputs
as the target of the synthesizer network, which is the same acoustic feature we use for our speech
recognition systems. This is because we want to use an output sequence from the synthesizer
directly as input to the A2W model in order to avoid an artifact caused by performing additional
feature conversion. The frame window length and frame shift are set to be 10 ms and 25 ms
following the standard setting in speech recognition.

The procedure of the data augmentation is as follows. We collect texts from a target domain
where we want to perform speech recognition. Since words are not separated by spaces in
Japanese, each sentence in the collected data is first processed by a Japanese morphological
analyzer to separate it into words and simultaneously obtain the pronunciation of each word. The
sequence of phones and special symbols representing word boundaries are fed into the seq2seq
speech synthesizer to generate a mel-spectrogram for the sentence. The set of synthesized log
mel-spectral features and corresponding word sequences are added to the conventional training
data coming from the real speech corpora to train the attention-based A2W speech recognition

model.

4.3.2 Encoder freezing learning of attention model

One concern with the data augmentation using a speech synthesizer is the possibility that artificial
speechis much less acoustically diverse than real speech. This is more likely when the synthesizer
is trained using a typical speech synthesis corpus consisting of voices from a single speaker.
We thought that the augmented artificial data can be harmful for training the acoustic encoder
subnetwork of A2W models, while they should be essential for enhancing the decoder.
Therefore, we adopted the encoder freezing learning of attention-based models which we

investigated for domain transfer learning of A2W models [78]. In this framework, the parameters
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of the acoustic encoder are copied from a model pretrained on real speech, and they are fixed
during the training using the augmented data set consisting of the artificial and real data. In
other words, the encoder subnetwork for summarizing the acoustic information is trained only
on real speech data, while the decoder layer which is responsible for predicting word transition
probabilities is tuned using the full set of the augmented data. We show the procedure of
the encoder freezing learning in Fig. 6.4. The decoder is designed to have an softmax output
layer whose size is the same as the expanded vocabulary and its parameters are initialized with
random values. This framework aims to prevent the undesirable effects from the uniformness

of synthesized speech, while taking advantage of the diversity coming from a large text corpus.

4.3.3 Language model integration

It was shown to be very effective to incorporate external language models in speech recognition
using conventional seq2seq models based on characters [79, 80, 81]. This is because language
models can be trained on a large set of texts covering much richer linguistic information than a
limited amount of labeled speech data used for training the seq2seq models.

On the other hand, integration of A2W models and external word-level language models has
not been investigated well, mainly because the vocabularies of the A2W model and the language
model trained on larger data are inevitably different. It is far from trivial to combine them to
calculate scores for words in each decoding step. However, based on our data augmentation
method, we can easily achieve a shallow fusion of the A2W model and the language model,
because we can train both of them on the same word sequences and ensure that they have
the same vocabulary. For decoding with the external language model, a small modification is

required to line 12 in Algorithm 1 as:

score(s™) = score(s) + log(p(y|s, X))

+plog(pra(yls)), (4.1)

where pr/(y|s) is the posterior probability of word y given word history s, which is calculated
with a LSTM-based neural language model. It is trained using all texts from the source and
target domain. p is the weight for the language model score. The A2W model and the external

language model use context in different ways and are expected to complementarily contribute
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Figure 4.1: Encoder freezing learning for enhancing A2W model using real and artificial training data

to improve speech recognition performance”.

4.4 Experimental evaluations

4.4.1 Data sets

We evaluated our methods through speech recognition tasks using two standard Japanese cor-
pora: the Corpus of Spontaneous Japanese (CSJ) [82] and Japanese Newspaper Article Sentences
(JNAS). CSJ includes two distinct subcorpora, namely, CSJ-APS and CSJ-SPS. CSJ-APS con-
sists of academic presentation speeches on several topics such as science, engineering, humanities
and social science. CSJ-SPS consists of simulated presentation speeches on three general themes.
These subsets have their own official test sets, namely, CSJ-TESTSET1 and CSJ-TESTSETS3.

While CSJ comprises spontaneous utterances, JNAS consists of newspaper articles read aloud.

2For example, A2W models tend to give similar probabilities to words with similar pronunciations, while language

models make predictions independent of word pronunciations.
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4.4.2 A2W model

A 40-dimensional vector consisting of 40-channel log Mel-scale filterbank (Imfb) outputs is used
as acoustic features for attention-based A2W models. Non-overlapping frame stacking [63] was
applied to these features in which we stack and skip three frames to make a new super frame.
The acoustic encoders in our attention models consist of 5-layers of bidirectional LSTMs with
320 cells. Dropout [83] was used for training each LSTM layer with a dropout rate of 0.2. The
decoder consists of a 1-layer LSTM with 320 cells and a softmax output layer with the nodes
for vocabulary words, (sos), (eos) and (OOV) special token for words which appeared less
than 3 times in the training sets. The vocabularies of the A2W models consist of words which
appeared more than two times in the training sets. We used Adam [57] for optimizing network
parameters. We also used gradient clipping with a threshold of 5.0. All network parameters
were initialized with random values drawn from a uniform distribution with range (-0.1, 0.1).
We also used scheduled sampling [84] and label smoothing [85] to improve the optimization.
In the experiments for integrating A2W models and RNN-based external language models, we
used neural language models with 3 layers of unidirectional LSTMs with 256 memory cells.
Each word is mapped to a 512-dimensional continuous vector before fed to LSTMs. We used
PyTorch [86] to implement the A2W models and the LSTM-based language models. The beam

width B was set to be 4 in all speech recognition experiments.

4.4.3 Seq2seq speech synthesizer

As we described in section 4.1, The seq2seq speech synthesizer is trained to output 40-channel
log mel-filterbank features. For word segmentation and pronunciation annotation of texts, we
used Mecab?, a CRF-based Japanese morphological analyzer, combined with the "Unidic" word
dictionary®. As training data, we adopted JSUT (Japanese speech corpus of Saruwatari-lab.,
University of Tokyo) corpus [87]. It is a recording of 7,607 prompt texts read aloud by a female
speaker with total duration of ten hours. The prompt sentences were tokenized using Mecab and
the corresponding phone sequences were obtained. These automatically generated phone labels

are used without human checking and, therefore, are expected to include a certain amount of

3http://taku910.github.io/mecab/
*http://unidic.ninjal.ac.jp/
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Figure 4.2: An example of synthesized Imfb features from a Japanese sentence "arayuru geNjitsu o subete

JibuN no ho: e nejimage ta no da"

erroneous ones. We used 33 phone classes including special tokens for pause, word boundary
and the end of a sentence. We also used PyTorch [86] to implement the Tacotron2-based feature
prediction network using phones as input units. We used dropout with a dropout rate of 0.5 in all
convolutional layers following the recipe in [72]. The LSTM layers in the decoder subnetwork
are regularized using zoneout [88] with a probability of 0.1. As in the training of A2W models,
we used the Adam optimizer. Fig. 4.2 depicts an example of speech synthesized from a sentence

in the training set of JNAS °.

4.4.4 Adaptation between two spontaneous speech domains

We first examined how proposed approach works effectively in adapting a seq2seq ASR model
trained with spoken presentations in general everyday life topic domain to the academic presen-
tation domain on audio, speech and language processing, using SPS ("Simulated" Presentation
Speech) and APS (Academic Presentation Speech) subcorpora of the CSJ corpus.

The baseline model was trained using SPS training set consisting of 281 hours of spontaneous
speech. Its vocabulary consisting of all the distinct words occurring more than twice in the
training set comprises 24,826 words. For the adaptation for Academic presentation domain, we
synthesized 282,235 utterances from the transcript of the APS training set using the seq2seq
speech synthesis model of single female voice described in the last subsection. The ASR model
for the target domain was trained by adding this 255 hours of synthetic speech to the baseline
281-hour SPS training set. By the addition of the synthetic APS set, the vocabulary of the model

was expanded by around 10k words and reached 34,331 words. The training was performed

SWe cannot assess the naturalness of the synthesized features directly, because it is difficult to reconstruct
waveforms from 40-dimensional Imfb features. However, we found that the synthesized utterances were recognized

almost perfectly using an A2W model trained on real speech.
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Table 4.1: ASR performance for two CSJ test sets (WER(%))

TESTSETI1 (APS) TESTSETS3 (SPS)

SPS (real) (baseline) 24.92 11.43
+ language model (SPS) 25.37 11.27
SPS (real) + APS (synthesized) 19.40 10.42
+ language model (APS + SPS) 18.74 10.22
SPS (real) + APS (synthesized) with enc. freezing 19.09 11.29
+ language model (APS + SPS) 18.38 11.07

with and without encoder freezing described in Section 4.2.

The second column in Table 4.1 ("TESTSET1 (APS)") shows the result for the target domain
test set’. TESTSET1 is composed of ten academic presentation speeches by ten male speakers.
The baseline model trained only with the SPS training data gave a relatively high WER of 24.9%
and integration of the language model trained on the SPS training set transcript rather degraded
the accuracy slightly. On the other hand, with the enhanced model trained by the proposed
approach using synthetic speech, the WER for the target domain test set was reduced by 5.5
points to 19.4%. The encoder freezing gave a further reduction of 0.31 points. The LSTM
language model trained with the transcripts of both SPS and APS training data consistently
yielded significant improvements. The best model gave an WER of 18.38%, which corresponds
to a 26.2% relative improvement over the baseline. We observed that a number of words unknown
to the baseline model were correctly recognized with the enhanced models with a enlarged
vocabulary. These words include, for example, "efuzero" (FO) and "oNcho" (tone) that often
appears in the context of audio, speech, and language processing. It is noteworthy that we had
these substantial improvements with the all male-speaker test set by augmenting the training data
with synthesized speech of a single female voice. It may be because the synthetic speech by the
seq2seq synthesizer has a high enough naturalness to contribute to the training of the decoder
part of the A2W model as well as it does not hurt the training of the encoder part of the model
which has a inherent discriminative nature resistant to the quantitative dominance of a single

speaker.

%The OOV rates of TESTSET for the baseline and enhanced models are 4.48% and 0.96%, respectively.
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We also looked at the influence of the domain adaptation to the original source domain
(SPS) test set and show the results on the third column of Table 4.1. The test set of CSJ-
SPS, TESTSETS3, is composed of ten simulated presentation speeches by five male and five
female speakers. Although the WER obtained with the baseline model was already low, the data
augmentation using artificial data gave a further significant improvement. We understand that
this gain is due to the improved capability for estimating word transition probabilities learned
from enhanced training data based on a considerable amount of text. However, a different
tendency was observed in the encoder freezing learning compared to the cross-domain results.
For the SPS test set, encoder freezing training gave an improvement from the baseline, but was
not as good as training of the whole model. Again, the language model integration was effective

for both of the enhanced models.

4.4.5 Adaptation to newspaper domain

We also attempted a more challenging domain adaptation from spontaneous presentation to read
speech of newspaper articles, where the difficulty comes from the large differences in speaking
style and information content. This time, the baseline model was trained using the whole real
speech training data of the CSJ corpus comprising both of APS and SPS. Its vocabulary consists
of 32,573 words. For the target domain ASR model, we synthesized a set of utterances from
49,576 news paper prompt texts of the JNAS training data and added them to CSJ training set
to train the A2W model. By the addition of synthetic JNAS data, its vocabulary turned out to
be 35,795 words. In order to manage the consistency of word boundary definitions in using
two distinct corpora, which is not obvious as a matter of fact with the Japanese language, we
tokenized and generated pronunciations of the both corpora using Mecab. The label error rate
of the automatically generated phone sequences calculated using the manual transcriptions as
reference was 6.29%. The results of the speech recognition experiment using the test set of
JNAS are summarized in Table 2. The test set is composed of 200 sentences spoken by 22 male
and 22 female speakers.

The enhanced model with the proposed method gave a much lower WER than the baseline
trained on all utterances in CSJ. We also observed an interesting fact that the encoder freezing

learning was quite effective in this experiment which gave an additional improvement of 2.2
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Table 4.2: ASR performance for JNAS test set

training data amount (hours)

CS]J (real) (baseline) 528.8
JNAS (real) (oracle) 85.5
CSJ (real) + JINAS (real) (oracle) 614.2
CSJ (real) + INAS (synthesized) 596.5
CSJ (real) + INAS (synthesized) with enc. freezing 596.5

+ language model (CSJ + JNAS) -

CSJ (real) + INAS (synthesized) + Mainichi (synthesized) with enc. freezing 1502.10
+ language model (CSJ + JNAS + Mainichi) -

points. One possible reason for this is that the speaking style of the test set speech is more different
from the added synthetic speech than what we expect about two sets that are both coming from
read speech. Integrating the external language model also yielded a WER reduction, resulting

in an improvement of 50.1% relative over the baseline.

We also tried to further increase the amount of training data using an external language
resource. We randomly picked 500k sentences from articles of Mainichi Shimbun, one of
the major newspapers in Japan, published in 2000 and 2001. The artificial speech features
synthesized from these newspaper sentences are used for training a new A2W model together
with CSJ and the artificial data generated from sentences of JNAS. The vocabulary size of the
new model is 41,890. By performing this additional data augmentation, the WER was further
reduced by 1.23 points as shown in the seventh row in Table 2. The language model integration
was also effective. From these results, we confirm that relevant texts from outside of the target

corpus can be utilized to improve the performance of the A2W model as well.

For comparison, we also built two oracle models. One is the model trained using the real
utterances in JNAS, which gave a poor speech recognition performance due to the small amount
of training data. The other is the A2W model trained on real data from both of CSJ and JNAS.
This model yielded a very low WER. It is encouraging to note that the enhanced model using

artificial augmented data with our proposed method gave a gain corresponding to as large as



S0CHAPTER 4. LEVERAGING SEQUENCE-TO-SEQUENCE SPEECH SYNTHESIS FOR ENHANCING.

70% of the gain coming from adding the true speech data of the domain in this oracle model.

4.5 Conclusion

We showed that we can significantly enhance the speech recognition performance of A2W models
using only text data via phone-based seq2seq speech synthesis. The proposed method makes it
possible to train an A2W model from arbitrary sentences and effectively expand the vocabulary
and improve language modeling capability of the model. We demonstrated the effectiveness of
the method thorough two cross-domain speech recognition experiments.

Previously a combination of seq2seq speech synthesis and recognition has been investigated
in [89]. The novelty of our contribution is that we exploited seq2seq speech synthesis for en-
hancing the A2W model and demonstrated that we can significantly improve speech recognition
performance using artificial training data, while the main issue in [89] was investigating a deep
learning-based speech chain model.

Although our method extremely expands the vocabulary of the A2W model, it is still not
totally free from the OOV word problem. It can be combined with existing methods for address-
ing problems of A2W models such as [76, 69, 77] to achieve a further improvement. While one
of the important findings in this chapter is that we can significantly improve the performance of
A2W models using a speech synthesizer trained on a typical speech synthesis corpus consisting
of speech from a single speaker, it would achieve a further improvement if we can train a syn-
thesizer on a large speech corpus containing many speakers and many speaking styles. Another
possible direction is, for example, investigating joint training of the seq2seq synthesizer and the

A2W model.



Chapter 5

Forward-backward attention decoder

5.1 Introduction

We have shown in [69] that attention-based models which explicitly incorporate label transi-
tion probabilities are significantly better than CTC-based models for word-level seq2seq speech
recognition. In this chapter, we further seek to improve the attention-based speech recognition
system. Specifically, we look at attending the encoded feature stream from right to left as well
as left to right, and investigate how this backward attention can be utilized together with the
usual forward attention to improve the performance of attention-based models. In the proposed
approach, speech is decoded from right to left as well as from left to right utilizing forward and
backward attention vectors, and the best sentence hypothesis is searched for based on combined
probabilities provided by the decoders for two directions. We also propose a multitask learning
in which the forward decoder is trained with a subtask of backward decoding sharing a single
encoder and vice versa, aiming at a regularization effect of encoder optimization for both direc-
tions. We demonstrate that acoustic-to-word attention-based models enhanced with the proposed
approach achieve much higher performances than a state-of-the-art hybrid DNN-HMM system
with a decoding speed faster by a factor of 50 through speech recognition experiments using

large-scale spontaneous Japanese corpora.
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Figure 5.1: Normalized occurrence counts of substitution errors at different relative positions of utterances

in CSJ-TESTSET1

5.2 Forward-backward attention

Here, we describe in depth the proposed method that integrate forward and backward attentions.

This approach is motivated by the following two considerations.

First, attention-based encoder-decoder models are generally not good at decoding long utter-
ances as mentioned in [37]. They tend to output less reliable labels in the latter part of utterances
due to error accumulation. Figure 5.1 shows how many substitution errors word-level forward
and backward decoders made at different relative positions of utterances in a Japanese speech
recognition experiment . In this figure, the forward decoder made more errors than the backward
counterpart in the later part of utterances, while we observe an opposite tendency in the earlier
part. This shows that unidirectional decoders tend to be more accurate at their early decoding
steps, which leads to a strategy that concatenates reliable parts of sequences obtained from two
directional decoders. These newly generated hypotheses can have fewer errors than the original
ones, if this concatenation process is managed in an appropriate way.

Second, because speech has an asymmetric time structure, forward and backward decoders
may have strengths in different ways which may contribute to better accuracy complementar-

ily. Therefore, we expect a performance gain from simply combining their recognition results,

IThis is the same experiment as shown in the first column of Table 5.1.
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considering the consistent effectiveness of the system combination approaches [90][91] in many

ASR tasks such as noisy speech recognition [92].

5.2.1 Decoding

Algorithm 2 ForwardBackwardBeamSearch(/V, X))
1: F/ < ForwardBeamSearch(}V, X)

2: F® < BackwardBeamSearch(N, flip(X))

3. F <= {¢}
4: for s € Ff, s® € F® do

5. j_nmext = |8

6: foriinl,..,|s/| do

7: for j in j_next,...,1 do

8: if s/ = s and time(s!) ~ time(s}) then

9: s* <= concat(s._,, flip(s®;))

10: score(s*) = scoref(s];i)%—scoreb(sbq)+log(max(pf(s{]s];i, X),p"(sb]s%;, flip(X)))
11: add s* to F'

12: j_next =75 —1

13: break

14: end if

15: end for
16: end for
17: end for

18: return set of sentence candidates F’

We propose a 3-pass decoding algorithm utilizing forward and backward attention decoders
which do not undermine the low-latency advantage of word-level models. We summarize it in
Algorithm 2. It was inspired by decoding methods for HMM acoustic models based on forward-
backward search [93][94][95]. Pass 1 performs left-to-right decoding using the forward decoder.
In Pass 2, speech is decoded from right to left using the backward decoder taking flipped acoustic

features, which we denote as flip(X) in Algorithm 2, as input. Pass 3 integrates the sentence
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hypotheses from Pass 1 and Pass 2 and generates new candidates by concatenating the partial
sentences.

The key points for this algorithm are (1) how to find the partial sequences to be concatenated
from hypotheses obtained with the two decoders, and (2) how to give reliable scores to the newly
generated sentence candidates. As for the first issue, we first pick up two sentence hypotheses
which share the same word appearing at approximately the same time frame. We then split each
of these two sentence hypotheses at this word and concatenate the earlier half of the forward
hypothesis and the later half of the backward hypothesis to generate a new sentence hypothesis.

More precisely, we judge that the ¢-th word slf in a forward sentence candidate s/ and the
j-th word s? in a backward candidate s appear at an approximately same time frame (which we

denote time(s!) ~ time(sh)), if the following condition is met:

time(s?H) < time(s!) < time(s?_l), (5.1)

where we define the occurrence time of words using forward and backward attention vectors as:

time(s!) © arg max(a/), (5.2)

7 7

time(sh) LT arg max(a?), (5.3)

J J

where 7' is the frame length of the input speech. alf and ag’- are the forward attention vector at
the i-th forward decoding step and the backward attention vector at the j-th backward decoding
step, respectively. This is a natural choice because attention vectors have their maximum values
around the center frame of the corresponding words in most cases.

The generation process of new sentence candidates is as follows. From any pair of forward
and backward sentence hypotheses, we pick pairs of words whose occurrence time are potentially
similar based on their positions in hypotheses. We examine if the condition given in equation
(10) is true for the word pair and if these word labels are the same. If s{ and s? satisfy the

conditions, we generate a new sentence candidate s* as:

st = concat(sizi, flip(sbq)), (5.4)
where sizi is a partial sequence beginning from (sos) and ending at the i-th word of the original

forward hypothesis, and si ; 1s a partial sequence beginning from (eos) and ending at the (j —1)-
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th word of the original backward hypothesis>. Because these two partial sentences end at the
same word appearing at an approximately same time frame, the score for this concatenated

sequence s is defined as:

score(s*) = score! (sL,) + Scoreb(sbq-) +
log(max(pf(sﬂsii, X),pb(s?]szj, flip(X))). (5.5)

Note that the double loop from line 6 to 16 runs in O(L) time where L is the length of the
longest sentence candidate of F'/ and I, since we only need to check the pairs of words from
s; and s% ; after we confirm that st and s?- satisfy the condition on line 8. After all candidates

are generated, we rescore them using a formula (9) and output the sentence with the largest score.

5.2.2 Multitask learning of decoders

We also propose to integrate the forward and backward attentions in the training stage of de-
coders. This is implemented as a multitask learning (MTL) framework, in which the forward and
backward decoders are trained sharing a single encoder. We aim to regularize the optimization
process of one decoder using the loss of the other decoder. The loss function for MTL of the

forward decoder is defined as:

losschTL) =a-lossy+ (1 —a) - lossy, (5.6)

where loss ¢ and loss;, are the original cross-entropy loss functions of the forward and backward
decoders, respectively. « is the weight for the main task, which may be set to be larger than
0.5. The shared encoder is trained so that the encoded acoustic representation is expected to be

suitable for both of left-to-right and right-to-left decoding.

5.3 Experimental evaluations

We evaluated our methods through speech recognition tasks using the Corpus of Spontaneous
Japanese (CSJ) [82]. CSJincludes two distinct subcorpora, namely, CSJ-APS and CSJ-SPS. CSJ-

APS consists of academic presentation speeches on several topics such as science, engineering,

2 This algorithm guarantees that sentences identical to original candidates are also generated due to the existence

of (sos) and (eos).
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humanities and social science. CSJ-SPS consists of simulated presentation speeches on three
general themes. These subsets have their own official test sets, namely, CSJ-TESTSET1 and
CSJ-TESTSETS3.

A 40-dimensional vector consisting of 40-channel log Mel-scale filterbank (Imfb) outputs
is used as acoustic features for attention models. Non-overlapping frame stacking [63] was
applied to these features in which we stack and skip three frames to make a new super frame.
The acoustic encoders in our attention models consist of 3 or 5-layers of bidirectional LSTMs
with 320 cells. Dropout [83] was used for training each LSTM layer with a dropout rate of
0.2. The decoder consists of a 1-layer LSTM with 320 cells and a softmax output layer with the
nodes for vocabulary words, (sos), (eos) and (UNK) special token for out-of-vocabulary words.
The sizes of word vocabularies for CSJ-APS and CSJ-SPS are 19,146 and 24,826, respectively.
We used Adam [57] for optimizing network parameters. We also used gradient clipping with
a threshold of 5.0. All network parameters were initialized with random values drawn from a
uniform distribution with range (-0.1, 0.1). The input data are sorted by the length of frames
before creating minibatches of 30 sentences. While we used Chainer toolkit [96] to train the
networks with a 3-layer encoder, we used Pytorch [86] for the larger models with a 5-layer
encoder exploiting its advantage of memory efficiency. All experiments were carried out on a

system with a 3.60 GHz Intel Xeon and a NVIDIA TITAN X.

5.3.1 Results with small models

First, we show the results of a number of comparative experiments using smaller models with
a 3-layer encoder. The beam width NV was set to be 4 in all experiments which gave the lowest
WERs. Table. 5.1 shows the word error rates (WERSs) obtained for two tasks. By comparing the
results against the baseline forward and backward decoders, we can find the proposed forward-
backward decoder achieves significant improvement in both tasks. Our MTL method yielded
small but consistent improvements for all types of decoders. We set the weight « in the MTL to
be 0.8. The proposed forward-backward decoding combined with the MTL improved WERs of
word-attention models by 12.7 % and 10.3 % relative for CSJ-TESTSET1 and CSJ-TESTSETS3,
respectively.

We show the error rates of different types (deletion, substitution and insertion) separately in
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Table 5.1: ASR performance for two tasks (WER(%))

CSJ-APS (224 hrs) CSJ-SPS (251 hrs)

decoder CSJ-TESTSET1 CSJ-TESTSET3
forward (baseline) 14.51 11.41
+ MTL 14.27 11.21
backward 13.82 11.57
+ MTL 13.58 11.26
forward-backward 12.92 10.38
+ MTL 12.67 10.24

Table 5.2: Recognition error rates of different types for CSJ-TESTSET1 (%)

error type
decoder del sub ins total
forward 224 9.67 260 14.51
+ MTL 228 971 227 14.27
backward 247 937 199 13.82
+ MTL 241 931 1.86 13.58

forward-backward 2.36 870 1.86 12.92
+ MTL 224 871 170 12.67

Table 5.2 in order to investigate in depth the reason for the performance gains from our methods.
From this table, we understand that the MTL mainly contributes in reducing insertion errors. On
the other hand, the forward-backward decoding improved substitution error rates significantly, in

addition to reducing deletion and insertion errors to the level of the lower rate of either decoder.

5.3.2 Results with large models

Here, we present the results using larger models with a 5-layer encoder which have much higher

baseline performances. These models were trained using both of CSJ-APS and CSJ-SPS. The
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Table 5.3: ASR performance and real time factor (RTF) of proposed method implemented and evaluated

with larger models trained using larger data for CSJ-TESTSET1

model WER(%) RTF
DNN-HMM + LM 13.62  0.925
phone-CTC + LM 14.15  0.581
forward N=4 1127  0.057

N=2 11.36  0.020
N=1 11.87  0.010

forward-backward N=4 10.17 0.119
N=2 10.09 0.040
N=1 10.17 0.019

vocabulary size was increased to 34,331 accordingly. We also used scheduled sampling [84] and
label smoothing [85] to improve the optimization. A hybrid DNN-HMM model and a phone
CTC model were also build using the same training set for comparing their ASR performances
and real time factors against our attention-based word models. The DNN-HMM model has
seven hidden layers with 2k rectified linear units (ReLUs) and a softmax output layer with 3k
nodes. The CTC-based model has 5 layers of bidirectional LSTM with 320 memory cells. For
decoding with the hybrid DNN-HMM and the phone CTC, we used the Julius decoder [95] and
the EESEN WFST decoder [97], respectively.

The WERSs and real time factors (RTF) for CSJ-TESTSET1 are shown in Table 5.3. We also
show the results with narrower beam widths than 4 for attention models. The proposed method
yielded a further significant performance gain (9.8 % relative) on top of the better baseline model
when the beam width was 4. It only took exactly twice as long time as the forward decoder
for completing recognition, showing that the Pass 3 in Algorithm 2 required only a negligible
time as expected. Interestingly, the proposed method is not affected by a narrow beam width,
while the performance of the forward decoder degraded as the beam width became narrower.
The results with N = 1 show that our algorithm can recover many correct words from only

single pair of candidates from two decoders, which the conventional unidirectional decoder can
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never find even with a wide beam width. The proposed method with N = 1 achieved a WER
reduction of 25.3 % relative from the DNN-HMM coupled with a trigram language model with

a decoding speed faster by a factor of 50.

5.4 Conclusion

We have proposed an effective decoding method by integrating forward and backward attentions
for attention-based seq2seq models. The acoustic-to-word model enhanced with the proposed
method achieved a WER reduction of 25.3 % relative from a standard hybrid DNN-HMM
system with a decoding speed faster by a factor of 50. As future work, we are also interested in
constructing an algorithm based on earlier integration of forward and backward decoding as in

algorithms based on best-first search [94][95].






Chapter 6

End-to-end generation of written-style
transcript from speech for Parliamentary

meetings

6.1 Introduction

Transcribing and archiving meetings, lectures and presentations is one of the important appli-
cations for automatic speech recognition (ASR). In order to make a truly useful archive, we
need to not only achieve a low recognition error rate, but also consider the readability of system
outputs. Since conventional ASR systems are designed to faithfully reproduce all words actually
spoken in an utterance, their outputs are not necessarily easy to read and comprehend due to
the existence of spoken language phenomena. For example, spontaneous utterances contain not
only fillers and disfluencies, but also redundant and colloquial expressions even when fluently
spoken. They are often ungrammatical and lack punctuation marks at all. Consequently, a con-
siderable amount of manual edits are required for making final texts appropriate for a written

record from faithful transcripts or ASR results [1].

To address this problem, there have been a number of studies on automatic transformation
from spoken to written language. They include disfluency detection and removal [98][99], punc-
tuation insertion [100][101][102], and more general speaking style transformation (SST) [103][104][105][106].

A majority of these works rely on machine learning methods such as noisy channel models, CRFs,
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SVMs, and deep neural networks. These models are typically trained on annotated texts or a
parallel corpus of faithful transcripts and corrected texts independently from speech recognition
models. Therefore, speaking style transformation is usually performed as postprocessing of
speech recognition and its performance is inevitably affected by errors in the first-path ASR
results. Furthermore, since the text-based methods require expensive manual faithful transcripts

for training, they are easily prone to the data-sparseness issue.

In this chapter, we propose a novel speech recognition approach that emulates the behavior
of a human professional editor by removing fillers and disfluent regions, substituting collo-
quial expressions with formal ones, inserting punctuation and recovering omitted particles, and
performing other types of appropriate corrections, directly using a speech signal as input. Un-
like conventional ASR models trained using faithful transcripts as target, in this approach, a
Transformer-based sequence-to-sequence model is optimized in an end-to-end manner on the
parallel data of speech and corresponding clean transcripts. Therefore, they can naturally avoid
the above-mentioned disadvantages of cascade methods that combine independently trained
ASR and text-based style transformation models. Because disfluent regions in a spontaneous
utterance, which should be corrected in the output, are expected to have more ASR errors than
other fluent regions, it may be effective not to explicitly rely on ASR results in generating
clean transcripts. Furthermore, the proposed method can perform correction based on acoustic
cues present in a speech signal, which was shown to improve the correction performance in
[98][105]. In this research, we purposely focus on the specific task of generating the written
records of Japanese Parliamentary speeches and provide in-detail evaluation of the proposed

method and analysis of the system outputs using this particular task.

This chapter is organized as follows. In section 6.2, we explain why we use Parliamentary
meetings as target of this research and provide a detailed analysis on the edit types performed by
human editors in creating the official written records of the meetings in the House of Represen-
tatives of the Diet. In Section 6.3, we propose a method for generating written-style transcript
from speech. Section 6.4 evaluates the proposed method and provides a detailed analysis of the

System outputs.
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Figure 6.1: An example pair of faithful transcript and written record

6.2 Dataset

Figure 6.1 depicts an example of the pair of a faithful transcript and its corresponding clean
version from the official record. We can see that a filler word (“e:””) and discourse maker (a
sentence-end expression “desu ne””) were deleted, a colloquial expression was substituted with
a formal one (from “tte” to “to iu”), and a comma was inserted at an appropriate position to
improve readability.

In this research, we use a corpus consisting of Parliamentary speeches recorded in meetings of
the House of Representatives of the Diet (national Parliament) of Japan and their corresponding
official written records, mainly for the following reasons.

First, we aim to improve the accuracy and efficiency of the creation process of the written
records of Parliamentary meetings through this research. We have been developing the automatic
transcription system for Japanese Parliamentary meetings [107][108][109]. This system is in
official operation for helping generating the written records of all meetings held in the House
of Representatives of the Diet' since 2011. In the current scheme, speeches are first faithfully
transcribed using a high-performance HMM-based hybrid speech recognition model [19][21],
and then professional human editors create the final records by performing necessary corrections
to the recognition results. Therefore, if the transcription system can directly generate written-
style sentences, the total burden and cost required for creating the final records could be drastically
reduced. Furthermore, the inference speed of end-to-end systems used in this research are an
order of magnitude faster than the conventional hybrid systems.

Second, the pairs of Parliamentary speeches and their corresponding clean transcripts in the
official record provide reasonable examples for investigating the relationship between spoken and

written languages. In most Parliamentary meetings, speakers do not just read prepared written

'https://www.shugiin.go.jp/internet/itdb_kaigiroku.nsf/html/kaigiroku/

kaigi_1.htm


https://www.shugiin.go.jp/internet/itdb_kaigiroku.nsf/html/kaigiroku/kaigi_l.htm
https://www.shugiin.go.jp/internet/itdb_kaigiroku.nsf/html/kaigiroku/kaigi_l.htm
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materials but tend to give highly spontaneous utterances. Therefore, as we will see in the next
section, there are considerable amount of differences between what are actually spoken in the
meetings and clean transcripts in the written records. Furthermore, since it is strictly prohibited
for editors to bring any paraphrases in the official records that could potentially alter the intent
of the speaker, we can focus on the phenomena purely relevant to the difference between spoken
and written languages. Because the official records of Japanese Parliamentary speeches are
created by professional editors following very strict and consistent rules, they are appropriate as
learning target of machine learning models.

Third, we can use a large amount of reliable paired data of speech and written-style text. The
existing researches of speaking-style transformation mostly relied on text-based transformation
models trained using faithful transcriptions. Because manually transcribing spontaneous utter-
ances is a very costly process, these models can easily suffer from the data sparsity issue. On the
other hand, we aim to directly generate written-style text from speech in an end-to-end manner
using paired speech and clean text without using intermediate faithful transcript target.

In this research, we use a dataset collected from the 189-th session of the National Diet held
in 2015. The training set used for building all models consists of 194 committee meetings and
14 plenary sessions held until June 2015. The evaluation set consists of 20-hour speech data

from 5 committee meetings which we will describe in-detail in the next section.

6.2.1 Edit types in official records of Parliamentary meetings

We manually and faithfully transcribed speech data recorded in five committee meetings from
the 189-th session of the National Diet, namely, the 19-th committee meeting on agriculture,
forestry and fisheries (229 speaker turns, 22 distinct speakers, 5.5 hours)?, the 18-th committee
meeting on the cabinet (201 speaker turns, 21 distinct speakers, 3.2 hours)?, the 29-th committee
meeting on health, welfare and labour (174 speaker turns, 17 distinct speakers, 4.1 hours)*,

the 4-th committee meeting on consumer affairs (147 speaker turns, 27 distinct speakers, 3.1

2https://www.shugiin.go.jp/internet/itdb_kaigirokua.nsf/html/kaigirokua/
000918920150625019.htm

Shttps://www.shugiin.go.jp/internet/itdb_kaigirokua.nsf/html/kaigirokua/
000218920150708018.htm

*nttps://www.shugiin.go.jp/internet/itdb_kaigirokua.nsf/html/kaigirokua/
009718920150708029.htm


https://www.shugiin.go.jp/internet/itdb_kaigirokua.nsf/html/kaigirokua/000918920150625019.htm
https://www.shugiin.go.jp/internet/itdb_kaigirokua.nsf/html/kaigirokua/000918920150625019.htm
https://www.shugiin.go.jp/internet/itdb_kaigirokua.nsf/html/kaigirokua/000218920150708018.htm
https://www.shugiin.go.jp/internet/itdb_kaigirokua.nsf/html/kaigirokua/000218920150708018.htm
https://www.shugiin.go.jp/internet/itdb_kaigirokua.nsf/html/kaigirokua/009718920150708029.htm
https://www.shugiin.go.jp/internet/itdb_kaigirokua.nsf/html/kaigirokua/009718920150708029.htm

6.2. DATASET 65

hours)’, the 5-th committee meeting on reconstruction after the great east Japan earthquake (197
speaker turns, 26 distinct speakers, 4.4 hours)®. We then annotated the differences between these
transcriptions and the corresponding official written records.

Based on these annotations, we analyzed what types of edits or corrections were performed
by human editors in creating these official records and how many. We first roughly classified
all edits into three major types, namely, corrections by deletional, substitutional, and insertional
operations. Then, we reorganized them using finer subclasses from A to M as follows. Note that
in examples of each edit type below, the regions marked with curly brackets {} and parentheses

() represent deleted and inserted items, respectively.

Deletion

A. deletion of fillers Word that have morphological forms used only for fillers, namely, ’a:’,

3 FEIEE LU R S )

ano:’,’i:’,’u’,’e:’, ’e:to’,’0:”, "'maa’, ’N:’, and their direct variants such as ’eqto’ are categorized
as this type.
eg. {A—1T7RAVIBEBRIIEEELT). {EHh}UL2rL{DD—}( )]
Segments consisting of two or more consecutive filler words are marked as one single filler.
eg: ({Eh, hO—, B—}EFOFEBTIIVETOT( ). [{A—. £} KK
E5{ DD }iEmlEBR UL IAEH D T IINED ()]

B. deletion of end-of-phrase expressions End-of-phrase expressions that frequently appear in

spoken language are deleted.
eg: ERALHZIZEEEILT{TTR}. )] THREZX{HR I ) ALIZAFIZEL
T{R}G )

C. deletion of earlier parts (reparandum) of repair and repeat Disfluencies overridden in

a speech repair are deleted. These disfluent parts often include fillers. Repeated words are also

deleted.

Shttps://www.shugiin.go.jp/internet/itdb_kaigirokua.nsf/html/kaigirokua/

019718920150709004 .htm
®https://www.shugiin.go.jp/internet/itdb_kaigirokua.nsf/html/kaigirokua/

024218920150709005.htm


https://www.shugiin.go.jp/internet/itdb_kaigirokua.nsf/html/kaigirokua/019718920150709004.htm
https://www.shugiin.go.jp/internet/itdb_kaigirokua.nsf/html/kaigirokua/019718920150709004.htm
https://www.shugiin.go.jp/internet/itdb_kaigirokua.nsf/html/kaigirokua/024218920150709005.htm
https://www.shugiin.go.jp/internet/itdb_kaigirokua.nsf/html/kaigirokua/024218920150709005.htm
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eg: [{MHELINFTTHH—}RKESHINET))., [{EMDD )} @) ICEKEDE
FLTG )

D. others Words such as "yahari’ and 'mou’ used as interjections, and unnecessary subjective

or directive words are deleted to make concise sentences.

eg: [{ XD }FELFHTIMEETHLREEHTDONR ()], I3RS L
(251 EoTHBVET( )
Substitution

E. correction of wrong particles Particles used in a grammatically wrong manner are replaced

with correct ones. The most frequent examples are substitutions from ’ga’ to "ha’ (19), from
"ga’ to ’wo’ (19), from 'no’ to 'ni’ (12), and from *ha’ to *ga’ (12).

eg: REZBOT{H DG HFE@HADLDT( )] THEBKRDKE Pk
DEFE B HE)BEHEZE VWS e TIIVELE(G )]

F. correction of colloquial expressions Colloquial expressions in spoken language are substi-

tuted with more formal ones.
eg: [{WVWAARIWAVWAR)FEN{ZA—HdLnH ], [KLAMLT{xT
HOWED{FES (I NnEH) )]

G. word reordering Two consecutive words can be replaced with each other form a more

readable sentence. This type of correction is seldom performed in recent meetings.
eg: {EKRVWEESATT -ANTEL L J(—HNTELLRBRVWEERSAT
)6 ) H{HAELFEZTFE HHELFEZTFEMA) ZEATY>T]
Non-consecutive words replaced with each other in the written records are not categorized as

this edit type but represented as the combination of ’D. other deletion’ and M. other insertion’.

H. correction of disfluencies not repaired by the speaker Disfluencies that were not repaired

by the speakers are corrected in the written records by editors. This type of edits also includes
semantic corrections.

eg: {MENEER LWV OIXEMKIIIZIX], T{ERIAL XD JEMKES) DT
R DE X AT
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L. other This type corresponds to abbreviation completion or inserting additional expressions
that are not present in the original utterances to make more understandable sentences. This type
of edits is seldom performed actually.

eg: [FB/\K{DONTIWHEHD = ST). [{IN JOREBERIX) —TFAHAAEIBU»
WOATY ()]

Insertion

J. comma, K. period Punctuation marks are inserted at appropriate positions to improve read-

ability.

L. recovery of omitted particles Particles are frequently omitted in spoken languages. They

are recovered to make grammatical sentences. The most frequent examples are insertions of
'wo’ (604), "ha’ (549), "ga’ (204), ’ni’ (151).

eg: [TAVIDFER () ZOEEDEHREZDS > T, TZ2ZI2nWHoL%5
(&) HID ()]

\Tn

M. other The majority of this type of edits are from replacement of non-consecutive words
described in type G.

eg: [ZNZ {FF} ZoHBTEMLRVDIEENPLWVWE M) ESATT LG ).
A} 7220 TE () ZEI WD HOEE () HDATITA (L )]

6.2.2 Frequency of each edit type

The character-level differences observed in the written records (403.813 characters) in compar-
ison with the faithful transcripts (423,786 characters) are 14,480 substitutions (3.4 %), 19,727
insertions (4.7%), and 39,700 deletions (73,907 characters in total). Figure6.2 shows the pro-
portion of the occurrence counts of each edit type in each committee meeting.

Except for punctuation insertion, about half of all performed corrections were categorized
as deletion of fillers. As for corrections with substitutional operations, corrections of colloquial
expressions were most frequently observed. These substitutions may require more advanced
rules to be performed adequately than straightforward filler-word deletion. We can see that

more difficult corrections such as insertion of particles and deletion of disfluencies appeared
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Figure 6.2: Frequency of each edit type in the written record of the National Diet

considerable number of times. On the other hand, non-monotonic corrections such as word

reordering are found to be seldom performed actually.

6.3 Proposed method

In the proposed framework, we train a single neural network in an end-to-end fashion using
speech as input and written-style text as target. The proposed model directly predicts written-
style text from a speech signal in the inference stage. For brevity, we call this approach as direct
generation of clean texts, the proposed model as a direct model, and likewise hereafter.
Advantages of the direct model in comparison with the conventional cascade approach com-
bining ASR and text-based spoken style transformation (SST) are summarized as follows. First,
the direct model can perform transformation from spoken to written language using acoustic
cues present in a speech signal. By taking this advantage, for example, it can detect and delete

disfluent regions in speech or associate pauses to punctuation. Next, the direct approach can
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Figure 6.3: Cascade approach (A) and proposed direct approach (B) for generating written-style tran-

scripts from speech

avoid performance degradation caused by errors from the first-pass ASR results, which is in-
evitable in the cascade models. Because there is a fundamental problem that speech segments
including fillers or disfluencies that should be corrected are expected to be more easily prone
to ASR errors, it should be reasonable not to use ASR results at all in performing correction.
Furthermore, since we can realize both of ASR and SST within a single network, the architecture
of the proposed model is simple and with a compact model size, and thus is easy to adopt in

applications. The inference speed is also much faster than the cascade models.

On the other hand, the direct generation requires a model to perform very complicated
sequence-to-sequence mappings. For example, it has to insert labels that do not have cor-
responding acoustic events in speech input (e.g. recovery of omitted particles or insertion of
commas), and simultaneously skip speech segments that do not have relevant labels (e.g. deletion
of fillers). Therefore, it is considered to be a more difficult task than either of ASR and SST, and
requires a very flexible sequence mapping model to be performed appropriately. In this research,
we presume that this direct generation is a similar task to end-to-end speech translation [110]
and use a Transformer-based label-synchronous seq2seq model to implement it. Figure6.3 de-
picts the architectural difference between the cascade and proposed direct approaches. In the
following sections, we propose techniques to ameliorate these difficulties in the direct generation

task.
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6.3.1 Improved training strategy using pseudo faithful transcript

As shown in Section 6.2, there are a considerable amount of mismatches between what are
actually spoken and clean text target in Parliamentary meetings. Therefore, it can be difficult
to train an end-to-end model using only clean text as target. Here we propose to utilize faithful
transcripts, which are used in training standard ASR models, to guide the training of the direct
model, along with the clean text target. We propose two distinct ways of using faithful transcripts.

Since it is unrealistically expensive to manually transcribe a large amount of spontaneous
speech data, we first introduce a method to automatically recover approximate faithful transcripts
from the official written records. Then, we describe a procedure to build triplet data of speech,
clean text and pseudo transcript. Next, we propose new techniques for improving the training

of the direct model based on these triplet data.

Generation of pseudo faithful transcripts

The clean transcript W, ; of a speaker turn s in a meeting m is available for free from the Web, but
itis unrealistically expensive to make the manual faithful transcript V,, s for all (m, s). Therefore,
we consider to automatically generate the faithful transcript V;,, s from the corresponding clean
transcript W, ; based on a statistical machine translation framework. Given a written-style text

W, we can in principle recover its faithful version of text V' using the following Bayes’ rule:

P(WV)

PVIV) = P(V) - 5

(6.1)

However, the transformation from written to spoken language is actually a highly random
process. For example, fillers can be potentially inserted to every word boundary in 1. Therefore,
it is very difficult to uniquely recover the faithful transcript V' only from the written-style text
W. Here, instead of trying to directly decode the faithful transcript based on the above Bayes’

rule, we opt for building a spoken-style statistical language model (LM) P(V') as:

6.2)

and then performing speech recognition using P (V") to approximately recover V. This LM style

transformation is performed by modifying the N-gram counts as follows:
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P(v|w)
P(wlv)

Ngram(v}) = Ngram(wY) - (6.3)

where Ngram(v}') and Ngram(w?) are the occurrence counts of each N-gram in the spo-
ken and written-style corpora, respectively. v and w are the unit patterns of transformation in
both styles. For example, insertion of filler word ’ano:’ is represented as the transformation
{w = (w_1,wy1) = v = (w_1,)ano ,;wy1)} in this scheme. We extract all transformation
rules between the patterns from a limited amount of parallel data of written-style and faithful
transcripts, and find maximum likelihood estimates of the LM parameters P(v|w) and P(w|v).
In order to ameliorate the data-sparsity issue, we also use a smoothing technique based on POS
(Part-Of-Speech) information. More detailed algorithm of the LM transformation can be found
in [111]. The advantage of this technique is that it does not require large paired data unlike deep
learning-based methods, and it performs transformation between only specific patterns obtained
from the training corpus and thus are guaranteed not to give unexpected transformations harmful
for the purpose of recovering the original spoken transcripts such as replacement of content
words except for ASR errors.

The detailed procedure for generating the pseudo faithful transcript Vm,S is as follows.

Step 1 The written-style N-gram LM P,,(1V) dependent on meeting m is built on all sentences

W,, in the written record of m.

Step 2 The spoken-style N-gram LM P, (V) is built by applying the LM style transformation

described above to the written-style language model P,, (W) from Step 1.

Step 3 We build a pronunciation dictionary using the pronunciations of all words appearing in
W, predicted by a morphological analyzer. Using this pronunciation dictionary and the spoken-
style language model P,,(V') dependent on meeting m, as well as an HMM-based acoustic
model trained on an existing speech corpus, we decode all speech recordings X ,,, in meeting m.
Because P, (V) is build on only the written record of m and exactly matches the topics discussed
in meeting m, it poses a strong constraint in decoding. Furthermore, it can assign appropriate
probabilities to spoken-style phenomena such as colloquial expressions. Note that here we use

a hybrid ASR system in order to perform speech recognition on the search space constrained by
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the strong meeting-dependent LM, instead of an end-to-end ASR model that includes an internal
language model [112] trained on external data. We use the short pause segmentation algorithm
of Julius toolkit [95] for simultaneously performing pause-based speech segmentation and ASR.
Because speech recognition using a hybrid system is based on frame-wise predictions, we can

use the occurrence times of all words in the recognition result from Julius.

Step4 The written-style transcript W,,, of meeting m is segmented into speaker turn-level texts
W, s according to the speaker information tags available from the official record. We insert
a special token into all speaker boundaries and then align the written record and the speech
recognition result of the whole meeting. We segment the speech data at the time frames of
words aligned with the turn boundary symbol and obtain the speech segment of speaker turn s

as X, .

Step 5 A spoken-style LM P, (V') dependent on speaker turn s is built using W,, ;. This
model gives a more strong constraint than P, (V) built on all texts from m. We decode the
speech data X, ; using P, ;(V'). We use this very accurate ASR result as the pseudo faithful

transcript Vms.

Alignment of speech, pseudo faithful transcript and written record

We need triplet data of speech data segmented into manageable lengths X,  ,,, their pseudo
faithful transcripts \A/WW, and the corresponding clean texts in the written record W, ;,, for
training the direct model using a standard minibatch-based gradient descent algorithm. We

generate these triplets (X, s u, Vm,s,u, W, s.u) using the following procedure.

Through the short pause segmentation algorithm of Julius, we already obtained the start and
end frames of a speech segment X, ;,,. Therefore, segmented speech data and their pseudo
transcripts Vm,s,u can be easily obtained. Time information of all words in Vmw is also available.
We align the speaker turn-level pseudo transcript Vm,S and its clean transcript WW,,, ;, and separate
W,..s at positions aligned with segment boundary pauses (pauses longer than 200ms) as insertion

errors and obtain the written-style text W, , ,, of segment w.
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Figure 6.4: Encoder multitask learning and decoder multistyle learning using pseudo faithful transcripts

Multitask learning of encoder

In e2e ASR, the role of an acoustic encoder is to remove undesirable deviations caused by noise
or speaker characteristics from a speech signal, and extract global information directly useful for
predicting linguistic units such as phones [34]. On the other hand, because words and subwords
usually consist of multiple syllables and their pronunciations can alter depending on contexts,
the correspondence between input speech and labels are very complicated in e2e ASR using
grapheme-based output units [67][68]. There are more drastic mismatches between input and
labels in speech translation [110] that uses labels of a different language from input speech
as target. Therefore, in these models, techniques to help training of the acoustic encoders are
usually used.

One such method is to feed lower level labels such as phones or shorter subwords than those
used for the final output target, that have a more straightforward correspondence to speech, to the
output or intermediate layers of the acoustic encoder as additional learning target [69][113][114].
In e2e speech translation, source language transcriptions are usually used in a multitask training
framework [110] or for pretraining of the encoder [115].

Another popular technique is to introduce a subtask based on CTC loss function, in addition



T4CHAPTER 6. END-TO-END GENERATION OF WRITTEN-STYLE TRANSCRIPT FROM SPEECH FO!

to the main task using the cross entropy loss. Because CTC loss enforces a strong constraint of
monotonic alignment between input and target, we can more efficiently optimize the encoder by
incorporating a CTC-subtask if we have monotonic labels [116][38].

Based on the above considerations, we propose a multitask learning strategy for the acoustic
encoder of our direct model. In this strategy, as shown in the encoder part of Figure6.4, we define
an ASR subtask designed to predict transcripts as faithful to input speech as possible using the
encoder output, besides the main task performed by the decoder that predicts clean text. We
use the pseudo faithful transcript Vm,s,u generated via the procedure in Section 6.3.1 as target of
this subtask. We calculate the loss between the target and network prediction using CTC loss
function. Because the pseudo transcript Vm,s,u is recovered by the constrained ASR, it is faithful
to speech input. The monotonicity between input and the labels is also guaranteed. The total

loss is defined as:

lossyrn (X, W, \7) = A -108Sce( X, V) + (1 = A) - losStrans former (X, W) (6.4)

where ) is a predefined subtask weight.

Multistyle learning of decoder

In the encoder multitask learning described in the previous section, the gradients from the loss
calculated using the pseudo transcripts are not propagated to the decoder subnetwork. In this
section, we propose a multistyle learning method that is designed for guiding the Transformer
decoder using the pseudo transcripts.

This multistyle learning method is formalized using the framework of multilingual e2e
ASR [117]. We consider written and spoken languages in Japanese (written record and pseudo
faithful transcript) as two different languages, and choose stochastically either of them as target
of the decoder for each utterance. We condition the decoder prediction by feeding either of two
different start-of-sentence symbols ("<written>’ and ’<spoken>’ for written and spoken
language predictions, respectively). In multilingual ASR, it is known that easy tasks such as
English ASR effectively help more challenging tasks such as low-resource language ASR. Like-
wise, we aim to improve the direct generation of written-style text by incorporating an easier

task of standard ASR.
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In the inference stage, we feed the decoder ’<written>’ as the start-of-sentence symbol at
the initial decoding step. In some applications where faithful outputs are preferable, we instead

use '<spoken>’.

6.3.2 Automatic speech segmentation based on online punctuation predic-
tion

We need to segment speech data of a whole meeting into manageable lengths (typically, shorter
than 20s) prior to performing speech recognition or clean text generation using an e2e model.
In this speech segmentation stage, it is desirable if we can segment speech into syntactically and
semantically coherent sequential units, which may correspond to sentences in written language.
However, manual annotations of such sentence boundaries are not available for a speech corpus
in most cases.

In short pause-based speech segmentation, which is usually used in long-form speech recog-
nition, speech is segmented at detected pauses longer than about 200ms. However, in particular
in spontaneous utterances, pauses not necessarily coincide with sentence or phrase boundaries.
Therefore, pause-based segmentation can produce fragmentation of syntactic structures impor-
tant for clean text prediction.

On the other hand, if we use longer pauses, pause-based segmentation tends to generate
inappropriately long segments in acoustic conditions with low signal-to-noise ratios or utter-
ances with fast speaking rates. An e2e model, in particular an attention-based seq2seq model,
is known to drastically degrade the recognition performance for utterances longer than about
20s [118][119]. Therefore, a segmentation strategy that can output very long segments is not de-
sirable. It is also difficult to choose an appropriate threshold of pause length for each evaluation
condition .

In order to address these problems with the pause-based segmentation, we propose a new seg-

mentation strategy based on punctuation prediction. Punctuation marks (commas and periods)

7 For example, the 5.5-hour speech recorded in the 19-th committee meeting on agriculture, forestry and fisheries
was segmented into 5,062 segments by the short pause segmentation algorithm of Julius using 200ms as the threshold,
out of which 1,309 segments were as short as less than 2 seconds. On the other hand, when we used a slightly
longer threshold of 300ms, the number of segments shorter than 2 seconds decreased to 340, but instead 166 very

long segments (longer than 20 seconds) were generated, which may be very harmful for an seq2seq model.
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are expected to appear at a stable rate on the output side, independently to acoustic conditions,
speaking styles or speaker characteristics, unlike pauses. Therefore, by considering the positions
of punctuation, we can avoid producing too long or short segments. Furthermore, because some
coherent sequential information between punctuation marks are at least kept after segmentation,
and we can consistently use a reasonable amount of contexts in clean text prediction for each

segment.

Online punctuation detection using CTC-based model

The proposed speech segmentation method takes very long speech (typically several hours
long) as input. It performs online punctuation prediction from left to right, and segments speech
at the speech frames where punctuation marks (commas or periods) are detected. For the
punctuation prediction, we use a CTC-based model with a encoder composing of unidirectional
LSTM layers. This online CTC-based model is trained using the triplets (X, 5 4. Vm,s,u, Win.su)
generated using short pause segmentation algorithm of Julius in Section 6.3.1. In other words, it
is built as an online version of the direct model. Note that because an unidirectional model has
less expressive power than Transformer-based encoders, it is essential to incorporate multitask
learning using pseudo faithful transcripts for convergence as we will see in the experimental
section.

The detailed procedure for the speech segmentation method is shown in Algorithm 3. In this
algorithm, the unidirectional direct model performs online time-synchronous prediction of clean
text, while splitting speech at frames where co-occurrence of a pause with a comma or period is
detected. Pauses or non-speech segments can be detected as a sequence of blanks longer than
a threshold of Ny, [120]. The approximate time of punctuation insertion can be determined
by the CTC spike at the corresponding output node. The position of the spike output from an
unidirectional CTC model is known to be consistently later than the actual time of appearance of
the label. Therefore, the time that is a fixed number of frames (7},,4,4ir) after the spike is taken
as the actual boundary. After resetting the RNN state at the encoder step where the boundary is
detected, we continue the time-synchronized clean sentence prediction again.

The reason why we consider not only punctuation but also pauses is as follows. The spikes
are not guaranteed to be at the exact time of appearance of corresponding tokens as in the hybrid

model. Therefore, punctuation spikes without pauses are very likely to actually fall within the
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Algorithm 3 PunctuationBasedSpeechSegmentation(X', Nyank; Tinargin, Subsample_rate)

1: B : set of detected segmentation boundaries

2: B < {0}, encoder_state = 0, blank_count = 0
3: O = Subsample(X)

4: fort € [1,2,...,T/subsample_rate] do

5. encoder_out, encoder_state = Unidirectional RNN(oy, encoder_state)
6: prediction = arg max(Linear(encoder_out))
7. if prediction = blank then
8: blank_count+ =1
9: else
10: previous_nonblank_token = prediction
11:  continue
12:  end if
13:  if blank_count > Ny, then
14: if previous_nonblank_token € {,,.} then
15: encoder_state = (0
16: blank_count =0
17: B <t - subsample_rate — Thyargin
18:  end if
19: end if
20: end for
21 BT

22: return B




78CHAPTER 6. END-TO-END GENERATION OF WRITTEN-STYLE TRANSCRIPT FROM SPEECH FO!

durations of the other subwords before and after them. In addition, without pauses at segment
boundaries, speech recognition accuracy is generally degraded due to the lack of clear cues at
the beginning and end of sentences. Furthermore, the prediction of punctuation that co-occurs

with pauses is considered highly reliable.

6.4 Experimental evaluations

The proposed method was evaluated using a large corpus of meetings from the 189-th session of
the National Diet. The training set for each model consisted of 708-hour audio collected from
14 plenary sessions and 194 committee meetings, totaling 208 sessions, held through June 2015.
The evaluation set consisted of the five meetings used for the analysis in Section 6.2, namely,
the 19-th committee meeting on agriculture, forestry and fisheries (229 speaker turns, 22 distinct
speakers, 5.5 hours), the 18-th committee meeting on the cabinet (201 speaker turns, 21 distinct
speakers, 3.2 hours), the 29-th committee meeting on health, welfare and labour (174 speaker
turns, 17 distinct speakers, 4.1 hours), the 4-th committee meeting on consumer affairs (147
speaker turns, 27 distinct speakers, 3.1 hours), the 5-th committee meeting on reconstruction
after the great east Japan earthquake (197 speaker turns, 26 distinct speakers, 4.4 hours). These
data were manually annotated with faithful transcriptions as described in section 6.2. We used
the 12-th committee meeting on legal affairs (75 speaker turns, 9 distinct speakers, 2.5 hours) as
the development set. Various hyperparameters for model optimization and speech segmentation
were determined using this development set.

The acoustic features were 80-dimensional log mel filter bank outputs. The analysis window
width for acoustic analysis was 25 ms, and a frame shift of 10 ms was used. Each dimen-
sion of the features for the training and evaluation data was normalized using the mean and
standard deviation of the entire training data. After morphological segmentation using Chasen-
2.4.4+Unidic-1.3.9, all text data were tokenized using byte pair encoding (BPE) [121]. The
number of distinct subwords is 10k.

For e2e speech recognition and direct clean text generation, we used Transformer-based
seq2seq models with the same number of parameters. A 12-layer Transformer was used for the
encoder and a 6-layer Transformer for the decoder. The number of heads &, the number of model

dimensions d;,.qc1, and the number of FFN intermediate nodes ds¢ were set to h = 4, dpoder =
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256, and dyy = 2,408, respectively. The input acoustic feature sequence was subsampled to a
length of 1/4 of the original length using two convolutional layers. Each convolutional layer
had 32 output channels, a kernel size of 3, a 2-D CNN with stride 1, and a 2-D pooling layer
with stride 2. The CNN output was nonlinearly transformed using the ReLLU function [59]. For
comparison, e2e speech recognition and direct models based on the CTC loss function were
also constructed. The same Transformer encoder as in the seq2seq model was used in the CTC
model.

In the cascade method for comparison, the text-based SST model was also implemented as a
Transformer-based encoder-decoder model, following a recent cascade approach in speech trans-
lation [122]. The encoder and decoder configuration is identical to the e2e speech recognition
and direct model described above. The e2e speech recognition and SST models were constructed
by alightly-supervised training framework [ 123] using pseudo transcriptions described in section
6.3.1. The speech recognition model uses acoustic features as input and pseudo transcription as
target, while the SST model was trained with the pseudo transcription as input and the written
record as target. For inference, beam search with a beam width of 6 was used for all transformer
models, while the greedy search algorithm in [28] was used for the CTC models.

In training the e2e speech recognition and direct models, adaptive Specaugment [124] was
used for dynamic data augmentation. All augmentation configurations such as mask probabilities
followed the settings in the literature [124]. Models were optimized using the Adam optimizer.
All Transformer-based models used the same learning rate scheduling as [39]. That is, the

learning rate [rate(n) at n steps was set to

Irate(n) =k -d;%> - min(n™ %" n - warmup_n="?) (6.5)

where warmup_n = 25,000 and k = 4.0.

In the encoder multitask training, the weight of the ASR subtask is A = 0.1. Based on the
findings of previous studies [69][114], sub-task targets were character sequences rather than
subwords. In the decoder multistyle learning, the parameter p of the Bernoulli distribution
used for style selection was set to 0.5. Training was conducted for 100 epochs, and the final
network was constructed by averaging the 10 checkpoints that gave the lowest error rates for the
development set.

In the hybrid system for comparison, a DNN-HMM acoustic model [21] and a N-gram
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language model were used. The acoustic model consists of a 7-layer feedforward neural network
that identifies 9k classes of triphone states (senone) and an HMM. The acoustic model was
trained using the Kaldi toolkit [60]. For a fair comparison, the same 708-hour data recorded
in 2015 as the e2e models were used to train this acoustic model. The language model was
constructed by applying the spoken language style transformation [111] to the written-style
trigram model estimated using written records of meetings held from 2006 to 2015. We used
Julius for speech recognition using the hybrid system. The hybrid system was decoded using
Julius. In decoding of a whole meeting, as in the creation of the pseudo-transcription in section
6.3.1, speech segmentation and speech recognition were performed simultaneously using the
short pause segmentation algorithm (pause length threshold of 200 ms).

In creating the pseudo faithful transcriptions (Section 6.3.1), the conversion rules P(W|V)
and P(V|W) were estimated using the parallel data of 666K words of manual transcriptions and
corresponding written records of some meetings held in 2003 (mainly from the Budget Com-
mittee). The GMM-HMM acoustic model of the hybrid system for this pseudo label generation
was trained using pseudo-transcriptions of meetings held from 2009 to 2011 created using the
same method as in Section 6.3.1.

Speech data of the five meetings in the evaluation set were segmented using the automatic
segmentation method based on CTC (Section 6.3.2), except for the comparison experiment in
Section 6.4.4.

We used an AMD-Epyc7262 CPU and an NVidia-RTX-3090 GPU (24G memory) for mea-

suring the inference speed of each method.

6.4.1 Evaluation of baseline ASR models

First, we evaluate the performance of the CTC and Transformer-based e2e ASR models built
by the lightly-supervised training using the pseudo faithful transcripts. We show the character
error rate calculated using the manual faithful transcripts as reference in Table 6.1 to compare
the ASR performance of each model.

Both e2e models achieved lower error rates than the hybrid system using a large statistical
language model. The inference speed of the CTC and Transformer-based models on CPU was

270 times and 40 times faster than the hybrid system, respectively. The inference speed was
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Table 6.1: Character error rates (%) against faithful transcripts and real time factors of processing time

of ASR models
error type xRT
Method Substitution Deletion Insertion Total CPU GPU
Hybrid system 4.3 3.2 3.2 10.7 2.45 -
CTC ASR 3.0 2.7 3.6 9.3  0.009 0.003
Transformer ASR 2.8 3.0 3.2 9.1 0.09 0.04
Transformer ASR + dec. multistyle 2.7 2.8 2.7 82 0.09 0.04

even faster on GPU. Note that e2e ASR was performed on speech segments obtained using the
CTC-based segmentation, but even when taking this additional processing time into account
(xRT=0.03 on CPU, xRT=0.01 on GPU), the e2e models were still several tens of orders faster
than the hybrid model.

In the comparison between CTC and Transformer, Transformer yielded a slightly lower error
rate than CTC, although it was not as fast as CTC. Furthermore, by incorporating the multistyle
learning of the decoder proposed in section 6.3.1, the error rate improved significantly by 0.9
points ("Transformer ASR + dec. multistyle’). This may be because the effect of recognition
errors in the labels used in the lightly-supervised learning was mitigated by the use of error-
free clean transcript targets. Although the multistyle learning is aimed at improving the direct
generation performance, it is noteworthy that this technique was found to be also effective for
faithful transcript generation, since some applications require faithful outputs.

We also calculated the error rates for the ASR models using the written records as reference
and show them in Table 6.2. To be fair, since the ASR models have no chance to output
any punctuation marks, punctuation is excluded from the error rate calculation in this table.
Here, insertion errors increased significantly for all models from the results in Table 5.1. The
performance of the hybrid system improved by 7.5 points in absolute by simply removing lexical
fillers defined in the pronunciation dictionary. This is consistent with the analysis in Chapter 2,

which showed that almost half of the corrections in the written records were removal of fillers.



82CHAPTER 6. END-TO-END GENERATION OF WRITTEN-STYLE TRANSCRIPT FROM SPEECH FOIl

Table 6.2: Character error rates (%) against written records and real time factors of processing time of

ASR models. Punctuation marks were excluded from error rate calculation

Error type xRT
Method Substitution Deletion Insertion Total CPU GPU
Hybrid system 4.5 2.7 14.1 21.3 245 -

+ filler word removal 4.1 3.1 6.6 13.8 2.45 -
CTC ASR 33 2.9 15.2 214 0.009 0.003
Transformer ASR 3.0 2.6 14.2 19.7 0.09 0.04

+ Transformer SST 3.0 3.8 3.2 99 0.18 0.08
Transformer ASR + dec. multistyle 29 23 13.6 18.8 0.09 0.04

+ Transformer SST 3.0 34 33 9.7 0.18 0.08

The Transformer-based ASR seq2seq model remained superior to the CTC. Furthermore, the
Transformer-based text-based SST applied to the first-path ASR outputs significantly reduced
the number of insertion errors. This improvement from SST was significantly larger than the
removal of lexical fillers in the hybrid system, which suggests that the Transformer-based seq2seq
transformation allows for advanced editing operations beyond simple rule-based deletions. The
performance was further improved by using the multistyle model in the first-path e2e ASR,
achieving the lowest overall error rate (9.7 %).

To summarize, the models built with lightly-supervised learning achieved consistently high
levels of speech recognition accuracies. From this, we understand that the proposed method in

section 6.3.1 is effective enough to produce reliable transcriptions.

6.4.2 Comparison between cascade and direct models

Here, we compare the performance of the cascade and proposed direct models in generating
written-style transcripts. The error rates for these models calculated using the written records

as reference are shown in Table 6.3. Here, punctuation prediction errors are also included in the
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Table 6.3: Character error rates (%) against written records and real time factors of processing time of

direct models

Error type xRT

Method Substitution Deletion Insertion Total CPU GPU
Transformer cascade 3.3 4.5 3.5 114 0.18 0.08
Transformer cascade + dec. multistyle 3.3 4.1 3.6 11.0 0.18 0.08
CTC direct (did not converge)

CTC direct + enc. multitask 2.4 4.2 3.2 9.8 0.009 0.003
Uni. CTC direct (did not converge)

Uni. CTC direct + enc. multitask 3.6 5.2 3.5 123  0.03 0.01
Transformer direct 2.8 3.6 3.2 9.6 0.09 0.04
Transformer direct + enc. multitask 2.1 2.8 3.2 8.2 0.09 0.04
Transformer direct + dec. multistyle 2.2 2.9 3.0 82 0.09 0.04
Transformer direct + both 2.1 3.0 2.7 7.8 0.09 0.04

error rates. The cascade model shown in this table is identical to the one that yielded the result

of the combination of Transformer ASR and SST in Table 6.2.

The direct model based on Transformer (’Transformer direct’) achieved a 1.4 points lower
error rate than the best cascade model (" Transformer cascade + dec. multistyle’). In addition,
its inference speed was twice as fast as the cascade model. This confirms the superiority of
the direct approach as described at the beginning part of Chapter 4. The CTC direct model
(CCTC direct’), on the other hand, did not converge until the 100-th epoch at all and failed to
output any meaningful results. This clearly shows that the Transformer-based seq2seq model is
more suitable than the CTC-based one for the task of predicting clean transcripts, which requires
many deletion, substitution, and insertion operations, in addition to performing accurate speech

recognition.
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Table 6.4: Effects of subtask targets in multitask learning (character error rates (%))

Error type
Subtask target Substitution Deletion Insertion Total
Faithful, character 2.1 2.8 3.2 8.2
Faithful, subword 2.6 3.2 3.0 8.7
Clean, character 2.9 4.2 4.2 11.3

6.4.3 Effectiveness of training strategies using pseudo faithful transcripts

Next, we evaluate the proposed methods for guiding the training of the direct models using pseudo
transcription (Sections 5.3.1). The multitask learning of acoustic encoder (" Transformer direct +
enc. multitask’) improved the direct generation performance significantly by 1.4 points compared
to the baseline model trained using only clean texts as target. The CTC-based direct model this
time successfully converged and achieved a reasonable performance of 9.8 %. However, it
still fell short of the Transformer baseline built without the multitask learning. Similarly, the
unidirectional CTC model, which we built for the task of online speech segmentation (Section
5.3.2), converged for the first time with the encoder multitask learning. These results indicate that
the use of speech-faithful labels plays a very important role in improving the direct prediction
of clean transcript from speech. It is important to note that these significant improvements
were obtained using automatically generated labels based on a statistical machine translation

framework, rather than manually annotated reference labels.

The impact of different types of target labels used in the multitask learning is shown in Table
6.4. We can see that the direct generation performance was significantly better when using
characters than subword-level labels as the subtask target. This may be due to the improved
efficiency of the CTC subtask by using output units with a larger number of training examples
per class. When clean sentences were used as the target of the subtask, the performance was
rather significantly decreased. This result, together with the fact that the CTC-based direct model
did not converge at all with the clean target alone, clearly indicates that the CTC loss function

is not suitable for handling the clean sentence target.
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Figure 6.5: Example visualizations of the top layer cross-attention weights Transformer-based multistyle

model

Next, we evaluate the effect of the decoder multistyle learning using a probabilistic com-
bination of pseudo-transcription and clean text targets. As shown in Table 5.3, this technique
achieved an improvement of 1.4 points from the baseline. The error rate was further reduced
by 0.4 points by using the encoder multitask learning and the decoder multistyle learning at the
same time.

To understand the behavior of the direct model in predicting clean sentences, we show
visualized examples of top layer cross-attention weights from the multistyle model in Figure 6.5.
The attention weights on the left column are obtained by conditioning the multistyle model with
the <spoken> tag and forcing it operate as an ASR model, and those on the right are obtained
by conditioning with the <written> tag. When looking at the attention weights in the right
column, we can see that two disfluent regions, " C9 42 % &" from around frame 100 to 200, and
"ZDMTE D ATT A A" from frame 400 to 520, are skipped appropriately. In addition, the

particle "& " and "1\ F" surrounded by them were output correctly.

6.4.4 Effectiveness of speech segmentation based on punctuation detection

We here evaluate the speech segmentation method using punctuation as a cue (Section 5.3.2).

Specifically, we compared three different CTC-based segmentation strategies. The first one
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Figure 6.6: Effect of the threshold numbers of consecutive blanks in CTC-based speech segmentation

segments speech data at a punctuation mark that co-occurs with a pause detected as consecutive
blank frames longer than a threshold (proposed method), while the second one segments when

a pause and an end-of-sentence symbol (<eos>) co-occur. The third one segments speech at

all detected pauses.

The error rates for the development set with different threshold numbers of consecutive
blanks (Nyank) in Algorithm 3 are shown in Figure 6.6. The number of segments generated by
the combination of each method and threshold is also shown above or below each data point.
For all experiments in this figure, the Transformer-based direct model trained with the encoder

multitask learning was used for clean text generation.

From this figure, we can see that the proposed punctuation-based method gives consistently
high accuracies up to about 15 blanks. The third strategy using only pauses as boundary cues
yielded higher error rates than the proposed method, and its threshold dependence was also
higher than that of the proposed method. In the setting where the proposed method gave the
lowest error rate (N, = 10), the development data was divided into 1,228 segments, whereas
the pause-based method generated a similar number of segments at Ny, = 25. However, the
latter gave a significantly higher error rate (15.7 %) than the proposed method (7.3 %). The

standard deviation of segment length was 4.95 seconds for the proposed method, while it was
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Table 6.5: Comparison of speech segmentation methods in training and evaluation sets

Training set / Evaluation set short pause CTC-based segmentation using punctuation

(17.973) (10,083)
shot pause (616,047) 9.8 22.2
punctuation (442,816) 10.2 8.2

7.06 seconds and there was a large variation in segment lengths for the latter method. The second
strategy using the end-of-sentence symbol <eos> tends to consistently produce segments that
are 20 to 25 seconds long, independent of sentence or speaker boundaries. This may be bacause
segments of these lengths rarely appeared in the training data.

Next, we evaluated the clean text generation performance with the combinations of segmenta-
tion methods in the training and evaluation sets. For the short pause-based segmentation, we used
Julius’ short pause segmentation algorithm for both training and evaluation data. The threshold
was set to 200 ms, which is commonly used in speech recognition. As for punctuation-based
segmentation, we segmented speech in the training data at only detected pauses (detected by
Julius) that were aligned with punctuation marks in the written records, instead of segmenting at
all pauses. The evaluation data were segmented using the CTC-based segmentation method. We
used optimal hyperparameters obtained from the experiment in Figure 1 using the development
set (Nyiank = 10y Trnargin = 30).

The error rates of the evaluation data for the four combinations of segmentation methods on
the training and evaluation sets are shown in Table6.5. By considering punctuation in both stages,
the error rate is 1.6 points lower than the short pause segmentation. When the training data was
segmented using pauses and the evaluation data was segmented by punctuation, deletion errors
were significantly increased. This may be due to the high proportion of very short segments
in the training set segmented by short pauses and relatively long segments were not correctly
recognized during evaluation.

As shown in Table6.3 (Cuni. CTC direct + enc. multitask’), the performance of the uni-
directional CTC in direct clean text prediction is not as good as other models based on the
Transformer, because it does not use bidirectional sequence information. However, if we focus

on the punctuation insertion performance, the unidirectional model achieved a high precision
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rate of 0.934 for periods and 0.811 for commas, which was likely to be sufficient for speech

segmentation.

6.4.5 Error analisys

This section evaluates the degree of achievement of the proposed direct generation model for each
edit type in comparison with human editors. Figure6.7 shows the number of corrections, except
for punctuation insertion, correctly performed by the cascade and direct models, as well as their
recall rates. The cascade model used in this comparison is the one that combines the multistyle
model and the Transformer-based SST postprocessing. The direct model was constructed using
both of the encoder multitask learning and decoder multistyle learning.

When looking at the results for the deletional corrections, we see that both models achieved
high recalls for the deletion of lexical fillers and end-of-phrase expressions. On the other hand,
for deletion of reparandums in repair and repeat, the performance gap between the cascade
and direct models was found to be very large (52.4 vs 79.9 %). This suggests that acoustic
information is useful for identifying non-fluent reparandums. The cascade model is likely to
have been unable to recover the ASR errors at the 2nd path SST. The performance for “other
deletion” type turned out to be commonly very low. This may be due to the fact that there are
many examples that require high-level judgment in this type, such as the deletion of contextually
unnecessary subjects and directives.

Among the substitutional operations, correction of particles and disfluencies resulted in very
low recall rates. These corrections are not likely to be possible with the seq2seq model alone,
since the frequencies of their occurrences are very low in the corpus and performing semantic
corrections is necessary here. In correction of particles, there were many errors that were
perceived to be faithful to the actual pronunciation, especially in the correction of "73" to "1X"
and "7 to "% ". Most of the examples of word reordering were not corrected appropriately.
The cascade model that does not use acoustic information succeeded in some straightforward
examples, e.g., correction from "5 BEN R INT VD" to "FEB NS5 RINTVWS". Asa
result, the cascade model gave a higher recall rate than the direct model in this edit type. In
contrast, both models showed very high recall rates in correction of colloquial expressions, since

many examples in this edit type actually can be performed as straightforward paraphrases, such
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Figure 6.7: The numbers of correctly performed corrections by the cascade and direct models in each edit

type, and their recall rates to those by human transcribers



90CHAPTER 6. END-TO-END GENERATION OF WRITTEN-STYLE TRANSCRIPT FROM SPEECH FO!

Table 6.6: Performance of punctuation insertion

comma period
Method Recall Precision F-value Recall Precision F-value
Cascade model  0.79 0.74 0.76 0.90 0.81 0.86

Direct model 0.79 0.73 0.76 0.94 0.84 0.88

as"WAAL" 0 "WA NS and "R D" to "H D",
Among the insertion operations, particle insertion was reproducible at a reasonable level. In

the cascade model, there were many ASR errors before and after the omission of particles, and

the performance gap between the direct model and the cascade model was large.

To summarize, the direct model performed significantly better than the cascade model for
almost all edit types. The performance gap was particularly large for advanced corrections such
as deletion of reparandums and restoration of particles. Overall, the direct model was able to

reproduce 80.2 percent of all manual edits in the official record.

Finally, we evaluate the performance of punctuation insertion in the system outputs. Table6.6
shows recall, precision, and F-values for punctuation insertion with the cascade model and the
direct model. There was no difference in comma insertion performance between the cascade and
direct models. For period insertion, the direct model showed significantly higher performance.
This may be due to that the acoustic information was particularly effective for periods, which

correlate better with pauses.

Figure6.8 shows an example of the manual transcription, written record text, system outputs
from the ASR, cascade, and direct models. From this example, we understand that the ASR
result is difficult to read even though its accuracy is very high, and the proposed method appro-
priately improves readability. We can also see that the direct model successfully performed some

n >

advanced edits such as restoring the particle in " Z 21(X" and deleting only the repurundum part
“CTHEDZZEEDH” in"KMmEES5Z 2IidbI N Z &H". On the other hand, some issues

can be seen, such as the failure to remove the word "** {3 ¥ " at the beginning of the input.
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Trascription A—CORFIYVIDERBI/IBORBEZELNEEHE TCTTRA—EEMBOEXICAIFTTEDIC
EEEEFTO>TPREYCOEVFOERNSRBMEIEEIILEHINEIEDABERARTHDHELD
CETA—CDEHEDITEWNLELEZTHOD—ATTTRID—FEH PLERIIOVTIEZ—Z0DFE
—FEBPTIREZMEOAINEELIFATREGEIRLLTEYEI DT

Written record | RSO B EZLNEEHE TEEMBOEXICAT CEYICEZREEEZT>TL BLFO
ERNRBEINZIENDERARTHDHENSIET, COEHFDIFTEWNLELz, — AT, E&H®
HERIZDONWTIE, BERBPLZHEDA. CNIFEEOHRFETRELRRIEZRELTBYET DT,

ASR ZA—COPRYCORBAMBOREELNEEHLETTIRA—REMBOEBXICAT TEYIZE
EEELTO>TVPRYIDIENFORENRMEEHEFENIENBERTARTHAHENST

ETA—COBEBITENLELETHD——ATTT RHD—FHPHEHITDNTIHA—CDE—
BEBPTIREMEDANEERFTRTETREGREEZRLTEYEIDOT

Cascade BRSMEBORERERELNEELE TREMSOEKICAT TELICEREEET T, PIIYHE
WFDOERNRBREEDIENADBDERARTHDENICET, COHEHDIFENLELI, —AT,
HRCFERISONTIE, EFBHBLREDS . £E. RETAELRAEZRLLTEYFITOT

Direct PRYBRBOIHBOREEENEGOE TREMSOBRICAT THEYICEEREZEZTOTLN P
FYEVWFORRARBMEINDICENDERARTHDENITET, COBRBIFELLELI=. —F
T, FEWHOHRDVTIIEFEERBOXMEDS ., CNITEE, RETRKEGRIEZRLTEYFETOT,

Figure 6.8: Examples of reference faithful transcript, written record, and system outputs

6.5 Conclusion

In this study, we proposed a novel speech recognition framework that outputs highly readable
written style sentences directly from speech. Experiments on large data sets consisting of pairs
of audio recordings of the Parliamentary meetings and their corresponding written records have
shown that the proposed method is significantly better than the cascade method that combines
speech recognition and text-based style transformation in clean text generation. Among all edit
types, in the deletion of reparandums and the restoration of particles, which are considered to
be greatly affected by speech recognition errors, and the insertion of punctuation marks, for
which acoustic information is considered to be important, the proposed model was particularly

effective compared to the cascade approach.

We also proposed a new techniques for guiding the training of the direct model using pseudo
faithful transcriptions automatically generated based on a statistical machine translation frame-
work, namely, encoder multitask learning and decoder multistyle learning. The performance of
the direct model was significantly improved with these techniques. Furthermore, we proposed
a new speech segmentation method using a CTC-based online punctuation prediction model. It
was shown to be more effective than conventional methods based on short pauses for the direct

generation task.
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On the other hand, we observed some of the correction items resulted in low recall rates, and
there still remains a room for further model improvement. Correction and restoration of particles
can be improved by simply increasing the number of training examples or by post-editing such
as deep learning-based tagging methods [125] using a large language model. It is also important
to evaluate the generalizability of the proposed approach using Parliamentary speech corpora in
other languages, such as the European Parliament [126] and the Icelandic Parliament [126].

There are many application domains where there is potential demand for automatic clean
text generation such as lectures and presentations [82]. Since large and reliable annotations of
written texts are usually not available for these domains, knowledge transfer from the direct
generation model built using the Parliamentary meetings is another important direction to be
considered in future work. One promising strategy for adapting the Parliamentary model to
another application domain, where we have only faithful labels for each utterance, is as follows:
Firstly, annotate a certain part of the new dataset with written-style transcripts at an acceptable
cost. Then, fine-tune the Parliamentary model using not only the annotated utterances but also

the remaining larger part with only faithful labels based on the multistyle learning framework.



Chapter 7

Conclusion

In this thesis, we have presented four distinct novel techniques, all of which are dedicated
to compensating the undesirable biases we encounter when transcribing and archiving speech

recordings from real meetings and presentations.

The cycle GAN-based acoustic feature transformation presented in Chapter 2 aims to im-
prove the ASR performance under acoustically unknown conditions. We evaluated this approach
on two different cross-domain tasks, namely, speech enhancement and speaking style transfor-
mation. The results from the latter experiment demonstrated that the proposed model can learn
a reliable mapping even in a very challenging task where we cannot generate paired source
and target domain features via simulation. The effectiveness of this cycle GAN-based feature
adaptation was also confirmed in later studies. Hosseini et al. [127] demonstrated its significant
effectiveness in gender adaptation for English speech recognition. Matsuura et al. [128] use the
cycle GAN-based nonparallel mapping for speaker adaptation in order to address the speaker
sparsity problem in low-resourced speech recognition and drastically improved the transcription
performance for unknown speakers compared to other existing approaches such as multilingual

training and unsupervised adaptation using pseudo labels.

Archiving recordings of real spoken communication requires expertise on the specific topic
in a target domain. Correctly transcribing technical terms and named entities is very important
for later meaningful indexing and retrieval, which may not be covered well by a limited amount
of annotated real speech data available for training an e2e model. The TTS-based data augmen-

tation in Chapter 3 generates synthetic paired examples using only text resources relevant to a

93



94 CHAPTER 7. CONCLUSION

target domain. We showed that this drastically improved the ASR performance on a number
of different cross-domain ASR scenarios. In the academic presentation transcription experi-
ment, it successfully reproduced technical terms that did not appear in the real speech training
data. Recently, this TTS-based data augmentation has already become the de facto standard
for text-based e2e model adaptation due to its consistent effectiveness. However, it requires a
considerable amount of computation for data synthesis and e2e model retraining, which should
be addressed in future work.

The bidirectional decoding mechanism described in Chapter 4, on the other hand, compen-
sates the myopic bias in autoregressive label-synchronous speech recognition. It significantly
improved the attention-based ASR in presentation speech recognition experiments by incorpo-
rating target-side global information. The use of bidirectional information in autoregressive
ASR was also confirmed in other recent studies using external bidirectional language models
such as BERT for rescoring and knowledge distillation [129][130][131]. The forward-backward
decoder was also shown to be effective in clean transcript generation in [132].

We addressed the problem of the readability of ASR outputs for spontaneous utterances
via e2e clean transcript generation in Chapter 5. We proposed new techniques for guiding the
training of the direct model using pseudo faithful transcriptions automatically generated based
on a statistical machine translation framework, namely, encoder multitask learning and decoder
multistyle learning. The proposed e2e approach successfully reproduced more than 80% of all
manual corrections. On the other hand, we observed some of the correction items resulted in low
reproducibility, and there still remains a room for further model improvement. Since large and
reliable annotations of written texts are not available for many application domains, knowledge
transfer from the reliable Parliamentary direct model to those target domains is another important

direction in future work.
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