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Abstract

Cycle-consistent adversarial networks train a generative model using adversarial learn-
ing and cycle consistency loss without using labeled data. It has demonstrated better
generalization and impressive results in many areas, including speech recognition. This
thesis leverages cycle-consistent adversarial networks to tackle challenging scenarios: (i)
Noise-robust automatic speech recognition, (ii) Mandarin-English code-switching auto-
matic speech recognition, and (iii) semi-supervised end-to-end automatic speech recog-
nition. For (i), we propose the multi-discriminator cycle-consistent adversarial networks
to directly transfer noisy speech feature vectors to clean ones. The experimental results
in CHiME-3 show that our approach improves the word error rate by 14.09% in the eval-
uation set. In (ii), we utilize cycle-consistent adversarial networks to generate artificial
Mandarin-English code-switching sentences from Mandarin sentences. The experimen-
tal results in the SEAME show improvements in perplexity for the language model and
mixed error rates for the speech recognition system. Lastly, we propose integrating
the unsupervised losses in cycle-consistent adversarial networks with the inter-domain
loss for semi-supervised end-to-end speech recognition to improve the latent represen-
tation. Our experimental results demonstrate the effectiveness of our approach in the
Wall Street Journal, LibriSpeech, and Voxforge non-English datasets.

Index Terms: speech recognition, end-to-end, cycle-consistent adversarial networks,
noisy speech, code-switching, semi-supervised learning.
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Summary

With the success of deep learning, speech recognition has achieved incredible perfor-
mance, drastically changing human life. However, the current speech recognition system
is labeled-data-hungry; the more labeled data, the better performance, leading to auto-
matic speech recognition challenges because the labeled data for some scenarios is diffi-
cult to collect. Cycle-consistent adversarial networks are powerful unsupervised learning
exploiting adversarial learning and cycle consistency loss to train a generative model. It
has demonstrated considerable performance in image-to-image recognition and poten-
tial success in speech recognition. Therefore, this thesis aims to extend cycle-consistent
adversarial networks for automatic speech recognition under challenging scenarios: (i)
Noise-robust automatic speech recognition, (ii) Mandarin-English code-switching lan-
guage modeling, and (iii) semi-supervised end-to-end automatic speech recognition.

The goal of Chapter 3 is to improve the speech signal quality in noisy conditions.
Two contributions are covered: The first investigates densely connected convolutional
networks with domain adversarial learning for acoustic modeling. Densely connected
convolutional networks, which have deep convolution layers structure and shorter con-
nections between layers close to the input, demonstrate impressive results in the Wall
Street Journal. Domain adversarial learning is well known for better generalization, as it
uses a discriminator to encourage the model to produce noise-invariant features to ease
the mismatch between source and target domain (i.e., noise speech to clean speech in this
thesis). Our experimental results in the Aurora-4 task, which contains clean Wall Street
Journal data and artificially added noise with clean Wall Street Journal data, demon-
strate that densely connected convolutional networks can effectively improve the noise
robustness of the system, outperforming deep neural networks, convolutional neural net-
works, and time-delay neural networks. Using domain adversarial learning can further
enhance the model’s robustness against seen and unseen noise. The second contribution
investigates multi-discriminator cycle-consistent adversarial networks for single-channel
enhancement, directly transforming noisy features into clean ones. Multi-discriminator
cycle-consistent adversarial networks consist of multiple independent discriminators in
the domain of clean speech feature vectors, and each discriminator is in charge of dif-
ferent frequency bands. The experimental results show that our method outperforms
strong baselines with up to 10.03% and up to 14.9% word error rate reduction on the
CHiME-3 development and evaluation sets, respectively.

Chapter 4 describes our two contributions to improving the ASR performance for
Mandarin-English code-switching. The first is to train this chapter’s baseline speech
recognition for Mandarin-English code-switching by analyzing several issues causing
recognition errors and injecting knowledge from the analysis into the system’s devel-
opment process. The experimental results reveal that each solution gradually improves
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Summary

the mixed error rate, and the appropriate combination achieves up to 35% word error
rate reduction, outperforming the end-to-end baseline and the state-of-the-art hidden
Markov model with time delay neural network systems. The second contribution ap-
plies cycle-consistent adversarial networks to generate artificial Mandarin-English code-
switching sentences to improve the language model and the performance of automatic
speech recognition. Cycle-consistent adversarial networks are well known for transferring
styles without any parallel data, and we consider monolingual or code-switching text as
different styles; therefore, using cycle-consistent adversarial networks for code-switching
data augmentation is the sensible way. Besides, the generative model learns toward sim-
ilar distributions in the actual code-switching data, which maintains the speaking style
and human speaking errors, which makes the artificial data more like real data. Our ex-
periments on SEAME, a Mandarin-English code-switching speech corpus in Southeast
Asia, show promising results, consistent improvement in language model perplexities,
and mixed error rates for automatic speech recognition.

Chapter 5 introduces two contributions to semi-supervised end-to-end automatic speech
recognition. First, we propose cycle-consistent adversarial networks and inter-domain
losses, a dissimilarity between encoded speech and its hypothesis, to encourage the
shared network in the encoder to learn better representation so the end-to-end auto-
matic speech recognition can perform well without requiring lots of labeled data. The
experiment results show a notable word error rate reduction in the Wall Street Journal,
Librispeech, and multilingual Voxforge test sets in a semi-supervised setting. Second, we
observe that noisy student training, an iterative self-training method, performs poorly
in a low-resource scenario; therefore, we propose utilizing enhanced cycle-consistent ad-
versarial networks and inter-domain losses to improve noisy student training sorely with
external text, where the enhanced cycle-consistent adversarial networks are the better
version of our previous contribution by incorporating automatic hyperparameter tuning.
The results demonstrate the effectiveness of our proposed method across six non-English
languages from Voxforge and Common Voice datasets, surpassing the baseline by 10%
word error rate.

In sum, we investigate the extension of cycle-consistent adversarial networks for noise-
robust automatic speech recognition, Mandarin-English code-switching data augmenta-
tion, and semi-supervised end-to-end automatic speech recognition. We propose multi-
discriminator cycle-consistent adversarial networks to transform noisy speech feature
vectors into clean ones. We generate synthetic Mandarin-English code-switching sen-
tences from Mandarin sentences using cycle-consistent adversarial networks. We pro-
pose the unsupervised loss in cycle-consistent adversarial networks for semi-supervised
learning to encourage the shared encoder to learn better latent representation. The ex-
perimental results show significant improvement in the components of automatic speech
recognition and the overall word error rate in the benchmark dataset for each scenario.
This thesis demonstrates that cycle-consistent adversarial networks are effective, can
overcome the problem of labeled data scarcity, and improve the system under challeng-
ing constraints in speech recognition.
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1 Introduction

1.1 Motivation

Deep learning and ASR system. Automatic speech recognition (ASR) is a task to
provide the transcription of input speech in a reasonable time. It began with simple
systems that could only recognize a limited number of sounds with noticeable pauses.
Nowadays, it has evolved into sophisticated systems that respond to fluent human lan-
guage at a natural speed. Because of the desire to automate simple tasks that require
human-machine interaction, there has been increasing interest in ASR technology (Juang
and Rabiner, 2005). In the last decades, there has been huge progress in ASR, encourag-
ing many applications to leverage this technology as shown in Figure 1.1, such as smart
home, virtual assistants, medical records, and inquiry systems. ASR systems are com-
monly used in mobile devices, desktop computers, and virtual assistants in call centers
(Alharbi et al., 2021).

A speech signal can be viewed as a short-time stationary signal. On this short time
scale, we could approximate the speech signal as stationary and, therefore, consider
the speech signal a Markov model for many stochastic processes. Hence, a conven-
tional speech recognition system is based on hidden Markov model (HMM), where each
HMM state uses a mixture of Gaussian to model a spectral representation of the sound
wave (Nassif et al., 2019). However, because the hidden Markov model with Gaussian
mixture models (GMM-HMM) is considered statistically inefficient for modeling non-
linear or near non-linear functions (Singh and Bathla, 2013; Zhang, 2013), researchers
introduce deep learning to the HMM-based recognition framework by replacing multiple
Gaussian mixture models with a neural network, called hybrid HMM-based recognition
(Hinton et al., 2012), or using neural networks as a preprocessing, e.g., feature trans-
formation, dimensionality reduction (Padmanabhan and Premkumar, 2015). Instead of
using Gaussian mixture models to determine how well each HMM state fits a frame
or a short window of frames of coefficients representing the acoustic input, a hybrid
HMM-based recognition uses a feedforward neural network, a discriminative model that
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1.1 Motivation

takes several frames of coefficients as input and produces posterior probabilities over
HMM states as output (Hinton et al., 2012). Many studies have proven that deep neural
networks with many hidden layers outperform Gaussian mixture models on a variety
of speech recognition benchmarks, sometimes by a large margin (Hinton et al., 2012;
Xie et al., 2018). The final result of the 2012 Microsoft Audio Video Indexing Service
(MAVIS) shows that the word error rate (WER) was reduced on four major benchmarks
by 30% compared to the state-of-the-art models based on Gaussian mixtures (Xie et al.,
2018). However, at that time, researchers only applied deep learning for acoustic model-
ing in a hybrid HMM-based system, and introducing deep learning to the classical ASR
architecture was not yet touched. In the recent five years, a single neural network struc-
ture, end-to-end (E2E), has been introduced to this area due to the desire to simplify
the HMM-based framework and the enthusiasm to integrate models using deep learning.
An E2E model estimates all parameters of all model components jointly using a single
objective function (Prabhavalkar et al., 2024). It has now become the prominent ASR
approach due to the advantage of highly integrated, completely neural ASR models re-
lying strongly on general machine learning knowledge, learning more consistently from
data, and depending less on ASR domain-specific experience (Prabhavalkar et al., 2024).

ASR has received much attention from researchers and is also considered one of the
longstanding problems in artificial intelligence (Alharbi et al., 2021). Nevertheless, this
technology still has many challenges, such as code-switching speech, child speech, low
signal-to-noise ratio, speech disfluencies, and multiparty chatter, that researchers seek
to explore. One of the biggest challenges for ASR is getting a suitable performance, even
in background noise. Another challenge occurs when dealing with spontaneous speech
(Alharbi et al., 2021).

Labeled Data Scarcity Problem. In ASR, the neural networks models trained via
supervised learning with lots of well-labeled data have demonstrated significant perfor-
mance (Bourlard and Morgan, 1993; Hinton et al., 2012; LeCun et al., 2015). However,
researchers have faced several limitations in ASR. Limited datasets for ASR research
was one of the significant limitations noted during the application of the proposed meth-
ods (Wang et al., 2020; Pironkov et al., 2020). Well-labeled data usually are hard to
collect due to concerns for data privacy and financial obstacles. Lack of labeled data
leads to the terrible performance of ASR, especially for E2E architecture, which is an
entirely neural model requiring a large amount of data.

One possible solution to overcome the need for labeled data is to generate synthetic
data on which the model could train. Many studies have demonstrated promising results
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1 Introduction

by utilizing synthetic data for ASR model training (Fazel et al., 2021; Hussain et al.,
2021; Veselovsky et al., 2023). Another possible solution is self-supervised learning,
which refers to algorithms for extracting latent features that capture the underlying
explanatory factors for the observed input (Mohamed et al., 2022). Researchers have
explored approaches that use unpaired audio-only data to open up new industrial speech
use cases and low-resource languages (Kemp and Waibel, 1999; Lamel et al., 2002; Ma
et al., 2006).

This thesis: CycleGAN for ASR. Cycle-consistent adversarial networks (CycleGAN)
is an unsupervised image-to-image translation approach for learning to translate an im-
age from a source domain to a target domain using self-supervised objective adversarial
loss and cycle consistency loss (Zhu et al., 2017). It has demonstrated the advantage of
generating synthetic data nearly indistinguishable from real data in the target domain
and better generalization in image recognition. Inspired by the potential of CycleGAN,
this thesis aims to overcome the labeled data scarcity problem to improve ASR perfor-
mance in terms of WER by extending CycleGAN to the field of speech recognition. We
consider three aspects that reflect this thesis structure as follows:

• Speech-to-speech translation: The input speech is noisy, and the output is clean.
→ Single-channel speech enhancement for noise-robust ASR (Section 3.2).

• Text-to-text translation: The input sentence is Mandarin, and the output is Mandarin-
English code-switching. → Data augmentation for Mandarin-English code-switching
ASR (Section 4.2).

• Speech-to-text translation in the setting of with limited labeled data and some
unlabeled data → Semi-supervised E2E ASR (Section 5.1).

1.2 Main contributions

In this thesis, we contribute to ASR research with a focus on system accuracy (i.e.,
character error rate (CER), WER or mixed error rate (MER) by extending CycleGAN
to the field of ASR. Our contributions cover preprocessing, acoustic modeling, language
modeling, training objective function, and training pipeline. Figure 1.2 portrays our
main contributions and the thesis sections noted by the arrow tag.

Noise-robust ASR. In Chapter 3, We aim to improve the ASR accuracy on the
degraded speech by background noise or a secondary microphone. The upper part of
Figure 1.2 depicts two contributions (arrows tage with numbers 3.1 and 3.2). We first
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Figure 1.2: Overview of thesis’ contributions where the arrow numbers refer to the cor-
responding sections in this thesis.
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1 Introduction

contribute (i) noise-robust acoustic modeling by proposing “DenseNet with domain ad-
versarial learning” framework. Densely connected convolutional networks (DenseNet)
based acoustic model has a deep convolutional structure noted with the advantage of
noise robustness (Simonyan and Zisserman, 2015) and shown apparent improvement on
the DARPA Resource Management corpora (RM) and Wall Street Journal (WSJ) in
our previous work (Li and Vu, 2018). On the noisy dataset, DenseNet based acoustic
model outperforms the baseline models, deep neural networks (DNN), DNN, and time
delay neural networks (TDNN), concerning ASR WER. Inspired by this observation, we
apply domain adversarial training on top of DenseNet based acoustic model to encour-
age the networks to learn noise-invariant features. We evaluate our proposed model on
self-develop noise-corrupted RM and benchmark dataset Aurora-4, showing promising
results. We also compare our model with other neural networks-based acoustic models
(i.e., DNN, convolutional neural networks (CNN), and the state-of-the-art TDNN) in
terms of WER, and the experimental results show our proposed model has more robust
toward to the noise even when the noise is unseen in training. Further, we propose
(ii) multi-discriminator CycleGAN (Durugkar et al., 2016) for feature mapping in pre-
processing to improve the WER in ASR. Feature mapping is a network that directly
transforms noisy speech feature vectors into clean ones. The most significant advantage
of feature mapping is that there is no need to retrain the acoustic model when the input
speech contains background noises. The experimental results reveal that ASR, using
our proposed multi-discriminator CycleGAN feature mapping in the preprocessing, can
recognize more words (i.e., the deletion and WER drop). That implies that our proposed
model removes most noise signals from the feature vectors.

Mandarin-English CS ASR. In Chapter 4, we focus on improving the Mandarin-
English code-switching (CS) ASR accuracy. Two contributions are depicted in the lower
part of Figure 1.2 as arrow numbers 4.1 and 4.2. First, we establish (iii) the state-of-
the-art E2E ASR for Mandarin-English CS by inspecting the issues of CS speech to
the current E2E system and further providing the solution to these issues. Moreover,
we investigate the impact of applying each proposed solution to the ASR performance.
We share our best-combined system, achieving the state-of-the-art MER on Mandarin-
English code-switching in Southeast Asia (SEAME), and provide the analysis of the
hypotheses generated from our best-combined system. Further, we contribute (iv) to
enhance Mandarin-English CS language modeling by exploiting CycleGAN to convert
text from the monolingual domain to the text form CS domain to generate the synthetic
CS text. Our experimental results on SEAME show a positive impact not only on the
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language model perplexity but also on the ASR MER, where we integrate the language
model into our best-combined system in (iii) via shallow fusion.

Semi-supervised E2E ASR. In Chapter 5, we target improving semi-supervised
E2E ASR, which have limited paired speech-text data and large unpaired data. The
arrow numbers 5.1 and 5.2 in the lower part of Figure 1.2 present two contributions. We
first propose (v) the identity mapping loss and cycle-consistency inter-domain losses,
which is the dissimilarity between the representations of encoded speech and its hy-
potheses. Our proposed framework is based on this work (Karita et al., 2019), a variant
of joint CTC-attention E2E allowing speech and text input. The approach trains a
model by auxiliary objective connectionist temporal classification (CTC) and attention
objective on small labeled data and exploits the inter-domain loss and text-to-text au-
toencoder loss to learn the underlying knowledge on large unpaired data. Our proposed
method improves the unsupervised objective by fusing the cycle consistency loss to the
inter-domain loss and adding the identity loss, which enhances the encoder in E2E to
generate a more generalized representation. The results on the WSJ, Librispeech, and
Voxforge show improved WER. Further, we contribute (vi) to enhance noisy student
training (NST) for low-resource languages. NST is an effective and straightforward iter-
ative self-training method (Park et al., 2020b); however, we observe that NST performs
poorly when the labeled data is very small. The paired speech-text and speech data are
expensive for low-resource languages. Therefore, this thesis considers a more extreme
case of semi-supervised learning where only external text is available for unsupervised
training. To tackle this problem, we found that our previous work “CycleGAN and inter-
domain losses” model performs well when the unpaired data is text-only. Additionally, we
improve the “CycleGAN and inter-domain losses” by integrating automatic hyperparam-
eters tuning into the training pipeline, calling “enhanced CycleGAN and inter-domain
losses”. Finally, we propose integrating “enhanced CycleGAN and inter-domain losses”
into NST training pipeline. Our experimental results on non-English language across
two datasets (i.e., common voice and voxforge) confirm that our proposed approach
improves the WER by 10% and outperforms the baseline (NST model).

1.3 Structure

Figure 1.2 illustrates the mapping of the thesis’s contributions to sections. The structure
of this thesis consists of five chapters as follows introduction:

• Chapter 2 describes the background on ASR, containing the definition of the task,
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the dataset, and evaluation metrics (Section 2.1), the system architectures in-
cluding HMM-based and E2E frameworks (Section 2.2), and the introduction of
CycleGAN (Section 2.3).

• Chapter 3 focuses on noise-robust ASR by proposing DenseNet and its extension
using domain adversarial learning for acoustic modeling (Section 3.1) and applying
multi-discriminator CycleGAN for feature mapping, which direct transforms noisy
signal feature vectors to clean ones (Section 3.2).

• Chapter 4 presents our contributions to Mandarin-English CS ASR. We first
establish the state-of-the-art ASR for Mandarin-English CS by investigating the
issues in the current system and providing the solutions fused into the system
(Section 4.1). Further, we propose exploiting CycleGAN to generate Mandarin-
English CS text from monolingual Mandarin text to improve the performance of
the Mandarin-English CS language model as well as the ASR MER. (Section 4.2).

• Chapter 5 addresses semi-supervised E2E ASR by proposing unsupervised loss
function “CycleGAN and inter-domain losses” to enhance the intermediate rep-
resentation from E2E model, so to improve the E2E ASR WER (Section 5.1).
Moreover, we improve the semi-supervised self-training method NST for the low-
resource scenario by integrating our “enhanced CycleGAN and inter-domain losses”
into the training pipeline (Section 5.2).

• Chapter 6 concludes the thesis and discusses future work.
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2 Background

2.1 Tasks, datasets and evaluation

In this section, we present the ASR tasks along with the datasets and evaluation metrics
we used within this thesis: Noise-robust ASR (Section 2.1.1), Mandarin-English CS
language modeling (Subsection 2.1.2), and semi-supervised E2E ASR (Subsection 2.1.3).

2.1.1 Noise-robust automatic speech recognition

Noise-robust ASR is a task that aims to be robust to the full range of real-world noise
and other acoustic distorting conditions. We introduce the self-develop noise-corrupted
dataset, benchmark dataset, and the performance evaluation for this task.

Self-develop dataset: Noise-corrupted Resource Management. RM is a 1000-
word vocabulary database of continuous read speech, representing over 21,000 recorded
utterances from 160 talkers with a variety of dialects, and has been designed and recorded
within the Defense Advanced Research Projects Agency (DARPA) strategic computing
speech recognition program (Price et al., 1988), in which the application environments
require systems capable of handling up to 10,000 words, with habitable grammatical
constraints measurable by a perplexity of 100 to 200, having a word accuracy of better
than 95%, and operating in real-time (Sears, 1988). We create the noise-corrupted RM
by artificially adding noises with varying signal-to-noise ratio (SNR), where a value
less than one has more noise and a value greater than one has more signal, to the
database. To do so, we exploit the large-scale open-source acoustic simulator, which
is an open-source simulator generating degraded telephone, VoIP, and interview speech
recordings using a comprehensive list of narrow-band, wide-band, and audio codecs,
together with a database of over 60 hours of environmental noise recordings and over
one hundred impulse responses collected from publicly available data (Ferras et al.,
2016). We randomly select 1,500 from 1,993 noise recordings to add to the train set,
called the noise train list, and the rest, 493 noise recordings, to the test set, called the
noise test list. Three sets, Data-1, Data-2, and Data-3, are composed with different SNR
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levels: (a) from 0 to 4 dB, (b) from 1 to 8 dB, and (c) from 0 to 12 dB, respectively.
Within each set, two test sets, using the same SNR level as the train set: known-noise
(KNN) and unknown-noise (UKN) test sets. In the KNN test set, the adding noises are
seen in the train set; on the contrary, in the UKN test set, the adding noises are unseen
in the train set. Table 2.1 is the three sets of descriptions regarding the noise.

Sets SNR noise types # utterance hours
(dB) (#)

Data-1
train [0, 4] 1,500 noises 4578 4.5
test (KNN) [0, 4] 1,500 noises 30 0.02
test (UKN) [0, 4] 493 noises 30 0.02

Data-2
train [0, 8] 1,500 noises 4578 4.5
test (KNN) [0, 8] 1,500 noises 30 0.02
test (UKN) [0, 8] 493 noises 30 0.02

Data-3
train [0, 12] 1,500 noises 4578 4.5
test (KNN) [0, 12] 1,500 noises 30 0.02
test (UKN) [0, 12] 493 noises 30 0.02

Table 2.1: Self-develop noise-corrupted Resource Management dataset description.

Set noise types mic # utterance hours

train_si84_clean clean Sennheiser 7138 15
train_si84_multi clean and 6 noises Sennheiser&2nd 7138 15
dev_0330 clean and 6 noises Sennheiser&2nd 4620 9
dev_1206 clean and 6 noises Sennheiser&2nd 16884 31
test_0166 clean and 6 noises Sennheiser&2nd 2324 5
test_eval92 clean and 6 noises Sennheiser&2nd 4620 9

Table 2.2: Aurora-4 dataset description.

Benchmark dataset: Aurora-4. The Aurora-4 is a database designed to com-
pare the recognition performance of different front-ends and noise on large-vocabulary
continuous speech recognition (LVCSR) tasks. It uses the standard SI-84 WSJ train
set and Nov ’92 5,000 words evaluation set, considering six noisy environments: cars,
crowds of people, restaurants, streets, airports, and train stations, with linear convolu-
tional channel distortions, and one clean environment in the evaluation set under two
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2.1 Tasks, datasets and evaluation

different channel conditions (Yeung and Siu, 2004; Parihar et al., 2004). For training
and testing data, 8kHz and 16kHz frequencies are available; in this thesis, we focus on
16kHz data. The 14 test sets are clustered into four conditions: A denotes clean and
Sennheiser microphone, B represents Sennheiser microphone and noise added, C denotes
clean with secondary microphone, and D is with secondary microphone and noise added.
The dataset contains two conditions training sets: clean condition and multi-condition.
The clean condition is the standard SI-84 WSJ train set, and the multi-condition con-
tains the simulated noise-corrupted version of SI-84 WSJ. Table 2.2 shows the Aurora-4
description.

Benchmark dataset: CHiME3. The CHiME3 is part of the 3rd CHiME Speech
Separation and Recognition Challenge. It contains approximately 342 hours of English
speech and transcripts from noisy environments and 50 hours of noisy environment
audio. The CHiME Challenges focus on distant-microphone ASR in real-world environ-
ments (Barker et al., 2016). Table 2.3 shows that the training set contains 8738 noisy
utterances: 1600 real noisy utterances from two male and two female speakers in the
four noisy environments and 7138 simulated noisy utterances based on WSJ SI-84 train-
ing set in the four noisy environments. The development set is composed of 410 (real
noisy speech) × 4 (environments) + 410 (simulated noisy speech) × 4 (environments)
= 3280 utterances. Test set consists 330 (real noisy speech) × 4 (environments) + 330
(simulated noisy speech) × 4 (environments) = 2640 utterances (Barker et al., 2016).

Set noise types # utterance hours

tr05_orig_clean N/A 7138 15
tr05_real_noisy BUS,CAF,PED,STR 1600 2
tr05_simu_noisy BUS,CAF,PED,STR 7138 15
dt05_real_noisy BUS,CAF,PED,STR 1640 2.74
dt05_simu_noisy BUS,CAF,PED,STR 1640 2.89
et05_real_noisy BUS,CAF,PED,STR 1640 2.17
et05_simu_noisy BUS,CAF,PED,STR 1640 2.27

Table 2.3: CHiME-3 dataset description.

Evaluation. The standard approach to evaluate the performance of a LVCSR is
Word Error Rate (WER). To compute the WER, first, the ASR hypothesis is aligned
with a gold-truth reference, and it is the number of errors at the word level, which is the
sum of substitutions (S), insertions (I), and deletions (D), divide by the total number
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of words N in the reference as follows,

WER =
S + I +D

N
× 100 (2.1)

For some languages, the evaluation is character-based (i.e., Mandarin), and the comput-
ing of CER is the same as Equation 2.1 but counts at the character level.

2.1.2 Mandarin-English code-switching automatic speech

recognition

CS speech is a common phenomenon in multilingual countries. CS speech contains
more than one language (Auer, 2000). From a grammatical point of view, there are
three types of CS (Poplack, 1980): extra-sentential, inter-sentential, and intra-sentential.
Extra-sentential switching is inserting tag elements from one language into an otherwise
monolingual language. Inter-sentential switching switches from one language to an-
other outside the sentence or the clause level. In contrast, intra-sentential switching is
switching from one language variety to another at a single utterance’s clause, phrase, or
word level. This thesis tackles the problem of Mandarin-English CS. We introduce the
Mandarin-English CS datasets and the performance evaluation.

Benchmark dataset: SEAME. SEAME is a 99-hour spontaneous Mandarin-English
CS speech corpus recorded from Singaporean and Malaysian speakers, and it belongs
to intra-sentential CS. All recordings are performed by close-talk microphone in a quiet
room. The speakers are between 19 and 33, almost balanced in gender, 49.7% of females
and 50.3 % of males. The total number of distinct speakers is 157, and 36.8% Malaysian
while the rest are Singaporean (Nanyang Technological University and Universiti Sains
Malaysia, 2015). 16.96% of utterances are English, 15.54% are Mandarin, and the rest
(67%) are Mandarin-English CS utterances. In each transcript, they use the follow-
ing categories for labeling: target language (English word and Mandarin character),
discourse particle or hesitation (“lah”, “hmm”, etc.), and non-linguistic signal (people
laughing, coughing, etc.), other languages (Japanese or Korean words). The corpus is
split into training, development, and evaluation sets. Table 2.4 shows that the evaluation
set is Mandarin dominant, and the development set is relatively bilingual and balanced.

Evaluation. For the language model, we evaluate its performance using perplexity,
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Sets CS Mandarin English # speaker # utterance hours
ratio(%)

train 67.19 15.45 17.36 141 93782 96
dev 66.63 17.03 16.34 8 6549 1.8
eval 74.08 15.53 10.38 8 5037 1.4

Table 2.4: SEAME dataset description.

which is the inverse probability of the test set normalized by the number of words:

PP (W ) = P (w1w2...wN)
1
N (2.2)

Minimizing the perplexity is the same as maximizing the probability. Therefore, the
lower the perplexity, the better the language model. Besides, we adopt the Mixed Error
Rate (MER), which applies word error rates for English and character error rates for
Mandarin (Vu et al., 2012) to evaluate our Mandarin-English CS ASR system. The
MER is as follows,

MER =
Sc + Ic +Dc + Sw + Iw +Dw

Nc +Nw

× 100 (2.3)

where the subscript c and w denotes character and word, respectively.

2.1.3 Semi-supervised end-to-end automatic speech recognition

Semi-supervised speech recognition trains a model with limited labeled speech-text data
and large unlabeled data. The benchmark datasets (English and European languages)
and evaluation are below.

Set # speaker # utterance hours

train_si84 83 7138 15
train_si284 283 37416 81
dev_dt_05 10 913 1.8
dev_dt_20 10 503 1
test_dev93 10 213 0.4
test_dev93_5k 10 215 0.4
test_eval92 8 333 0.7
test_eval92_5k 8 330 0.6

Table 2.5: WSJ dataset description.
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Benchmark dataset (English): Wall Street Journal. Table 2.5 shows WSJ
description, which contains 80 hours of read speech with texts drawn from WSJ news
domain or other news domains. The subjects read the texts selected to fall within either
a 5K or a 20K vocabulary subset of the WSJ text corpus. A close-talking Sennheiser
HMD414 and a secondary microphone are used (Garofolo et al., 1993). A small 15-hour
set is the subset of (train_si84) the entire train set (train_si284). The 5K and 64K
vocabulary dev93 and eval92 are used for development and evaluation (Paul and Baker,
1992).

Benchmark dataset: Librispeech. LibriSpeech is a 1000-hour English read speech
with text derived from audiobooks from the LibriVox project. The training set in the
corpus is split into three subsets, with approximate sizes of 100, 360, and 500 hours,
respectively. The speakers in the corpus were ranked according to the WER of the WSJ
model’s transcripts. They were divided roughly in the middle, with the lower-WER
speakers designated as “clean” and the higher WER speakers designated as “other”.
Twenty male and twenty female speakers were drawn randomly from the “clean” pool
and assigned to a development or test set. For each dev or test set speaker, approxi-
mately eight minutes of speech are used (Panayotov et al., 2015). Table 2.6 presents
the Librispeech description. In previous semi-supervised works, researchers normally
used test_clean_100 for the paired data and test_clean_360 for the unpaired data.
Therefore, this thesis uses the same setting for our semi-supervised ASR experiments.

Set # speaker # utterance hours

train_clean_100 585 28539 100
train_clean_360 2097 104014 360
train_other_500 2784 148688 500
dev_clean 97 2703 5
dev_other 91 2864 5
test_clean 87 2620 5
test_other 90 2939 5

Table 2.6: Librispeech dataset description.

Benchmark dataset: Common Voice. Common Voice is a massively multilingual
collection of transcribed speech, which user also records on Mozilla’s website. It is
designed for ASR but can be useful in other domains. The data are collected using the
Common Voice website or the iPhone app; contributors record their voice by reading
sentences extracted from Wikipedia or the Sentence Collector 1. Other contributors later

1https://common-voice. github.io/sentence-collector
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2.1 Tasks, datasets and evaluation

verified the recordings using a simple voting system (Ardila et al., 2020). The most recent
release includes 100 languages; over 400,000 individuals have participated, resulting
in more than 2,3000 hours of collected audio. In this thesis, we use three European
languages with limited data: Hungary, Finnish, and Greek, and we self-split the dataset
to ensure no overlapping sentences or speakers between the train, development, and test
set. Note that the train set is split into five hours of paired data, and the remaining
portion is dedicated to the unpaired speech. Table 2.7 shows the description of the
Common Voice dataset.

Language set(self-split) # speaker # utterance hours

train 124 7137 10
-paired 50 5137 7
-unpaired 88 2000 3

Hungry dev 21 2736 4
test 41 1264 2

train 107 6035 8
-paired 99 4333 6
-unpaired 29 1702 2

Finnish dev 15 400 0.5
test 15 312 0.5

train 189 12674 14
-paired 70 5458 6
-unpaired 137 7216 8

Greek dev 27 423 0.4
test 28 507 1.6

Table 2.7: Common Voice dataset description.

Benchmark dataset: VoxForge. VoxForge was set up to collect transcribed speech
for use in Open Source Speech Recognition Engines. The samples are recorded and sub-
mitted by users using their microphone (MacLean, 2018). In the release, the corpora
contains eight languages (German, English, Spanish, French, Italian, Dutch, Portuguese,
and Russian) with a limited train set (less than fifty hours). Therefore, we use VoxForge
for the low-resource semi-supervised ASR task. To ensure no overlapping speaker or
sentence between the train set and the test set, we adjust the train, development, and
test set and further divide the train set into five hours of paired data while the remain-
ing portion is dedicated to the unpaired speech. The dataset description is shown in
Table 2.8. We evaluated our proposed method in German, Italian, and Dutch in the
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Language set(self-split) # speaker # utterance hours

German train 107 8019 10
-paired 100 4007 5
-unpaired 93 4012 5
dev 100 4155 6
test 98 4042 6

Italian train 203 8417 16
-paired 73 2657 5
-unpaired 130 5760 11
dev 158 1082 2
test 151 1055 2

Dutch train 103 6757 8
-paired 103 4223 5
-unpaired 100 2534 3
dev 85 869 1
test 85 866 1

Table 2.8: VoxForge dataset description.

latter experiment because these languages have better-quality paired data.

Evaluation. We evaluate ASR performance using CER and WER defined in Equa-
tion 2.1.

2.2 System

In this section, we describe the system architectures, including HMM-based (Subsec-
tion 2.2.1) and E2E ASR (Subsection 2.2.2).

2.2.1 HMM-based speech recognition

Figure 2.1 illustrates the architecture of the HMM-basedASR, containing principal com-
ponents: Feature extraction, pronunciation dictionary, acoustic model, language model,
and decoder. Firstly, the feature extraction converts the audio waveform to a sequence of
feature vectors X1:T = x1, x2, ..., xT , which represents acoustic information in a fixed size
of vectors, and then the decoder predicts the sequence of words Y1:L = y1, y2, ..., yL, called
hypothesis, considering the score from the pronunciation dictionary, acoustic model and
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                   Decoder

Pronunciation
Dictionary

Acoustic Model Language  Model

Feature
Extraction

Figure 2.1: The architecture of HMM-based ASR.

language model. That is, the decoder tries to find:

Ŷ = arg max
Y

P (Y |X ) (2.4)

By the Bayer’s rule, the Equation 2.4 could be rewritten to as follows,

Ŷ = arg max
Y

{P (X |Y )P (Y )} (2.5)

where the likelihood P (X |Y ) is determined by an acoustic model and the prior P (Y ) is
determined by a language model. The unit of the acoustic model is phone. For any given
word sequence Y , the corresponding acoustic model is incorporated by joining phone
models to make words as claimed in a pronunciation dictionary, containing word and
phone sequence mapping. A snippet of the Carnegie Mellon Pronouncing Dictionary
(Carnegie Mellon University, 1993) is shown below:

’bout B AW1 T
’cause K AH0 Z
’course K AO1 R S
’cuse K Y UW1 Z
’em AH0 M
’frisco F R IH1 S K OW0
’gain G EH1 N

These phone models are trained with the paired speech and the corresponding ortho-
graphic transcriptions. N -gram model is typically used for the language model. The
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probability of each word sequence y in N -gram is conditioned on its N − 1 predecessors,
and the model parameters are estimated by counting N -tuples in the text corpora. The
decoder predicts the hypothesis by searching through all possible word sequences using
pruning to remove unlikely hypotheses, thereby keeping the search tractable. The mod-
ern decoder generates lattices containing a compact representation of the most likely
hypotheses and does the multiple passes rescoring on that. In the following sections, we
will elaborate on each component in detail.

2.2.1.1 Feature extraction

Feature extraction converts a speech waveform to an appropriate representation, which
contains the information that discriminates between phones and provides a good match
with the distributional assumption by the acoustic model. The feature vectors are
typically computed every 10 ms using an overlapping window of around 25 ms. One
commonly used feature extraction scheme is Mel-frequency cepstral coefficient (MFCC)
(Davis and Mermelstein, 1980). The procedure of MFCC includes applying a truncated
discrete cosine transformation (DCT) to a log spectral estimate computed by smoothing
a fast Fourier Transform (FFT) with around 20 frequency bins distributed non-linearly
across the speech spectrum. The nonlinear frequency scale used is called a Mel scale,
which is a perceptual scale of pitches judged by listeners to be equal in distance from
one another, and it approximates the response of the human ear. The DCT is applied
to smooth the spectral estimate and approximately decorrelate the feature elements.
After the cosine transform, the first element represents the average log-energy of the
frequency bins, and this is sometimes replaced by the log-energy of the frame or re-
moved completely (Gales and Young, 2008). Besides the spectral feature, measuring
the signal change such as first-order (delta) and second-order (delta–delta) regression
coefficients are often appended in a heuristic attempt to compensate for the conditional
independence assumption made by the HMM-based acoustic models (Furui, 1986; Gales
and Young, 2008). Let the original feature vector be x st , then the delta parameter 4x st

is given by

4x st =

∑n
i=1wi(x

s
t+i − x st−i)

2
∑n

i=1w
2
i

(2.6)

where n is the window width and wi are the regression coefficients, which is to ensure that
the same number of frames is sustained after adding delta and delta–delta parameters by
replicating the start and end elements to fill the regression window (Gales and Young,
2008). The delta-delta parameter 42x st are derived in the same way but using the
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Figure 2.2: The illustration of HMM-based phone model.

differences of the delta parameters. Therefore, the feature vector xt when concatenating
together delta and delta-delta features is as follows:

xt = [x s
>

t 4x s
>

t 42x s
>

t ]> (2.7)

The dimension of the final feature vector, which has been partially but not fully decor-
related, is typically around 40.

2.2.1.2 Hidden Markov models for acoustic modeling

For each spoken word y , it is decomposed into a sequence of K acoustic model unit
phone. Let q1:K(y) = q1, q2, ..., qK be the pronunciation of word y and Q be the sequence
of valid pronunciations for word y . Then the likelihood P (X |Y ) can be computed over
multiple pronunciations as follows,

P (X |Y ) =
∑
Q

P (X |Q)P (Q |Y ) (2.8)

P (Q |Y ) =
L∏
l=1

P (q(yl)|yl) (2.9)

where Y1:L = y1, y2, ..., yL mentioned previously, and q(yl) is a valid pronunciation for
word yl. Figure 2.2 illustrate the phone model, where each phone q is represented by
a continuous density HMM of form with transition probability and output observation
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distributions. aij is denoted as the transition probability when an HMM makes a tran-
sition from state si to state sj. On entering a state, the distribution, which is usually
a single multivariate Gaussians in Equation 2.10, associated with the state generates a
feature vector bj(.). This form of process for and HMM yields the assumptions of stan-
dard conditional independence: (a) given the previous state, states are conditionally
independent of all other states; (b) given the state that generated it, observations are
conditionally independent of all other observations (Rabiner, 1989),

bj(x ) = N (x;µ(j)Σ(j)) (2.10)

where µ(j) is the mean of state sj and Σ(j) is its covariance.

Given the composite HMM Q formed by concatenating all of the constituent base
phones q(y1), ..., q(yL) then the acoustic likelihood is given by (Gales and Young, 2008):

P (X |Q) =
∑
θ

P (θ,X |Q)

=
∑
θ

aθ0θ1

T∏
t=1

bθt(xt)aθtθt+1

(2.11)

where θ = θ0, ..., θT+1 is a state sequence through the composite model. λ = [aij, bj()]

is the parameters of the acoustic model parameters, which can be efficiently estimated
from a corpus containing paired speech and transcriptions using the forward-backward
algorithm (Baum et al., 1970; Dempster et al., 1977). However, decomposing each word
into a sequence of context-independent phones can not capture the context-dependent
variation in real speech. Therefore, triphone model, considering left and right neigh-
bors, is introduced to tackle this problem. Figure 2.3 illustrates the triphone modeling.
Note that the notation g-uh+d denotes the triphone corresponding to phone uh with
a preceding phone g and a following phone d. The reduced set of the physical models
by the clustering algorithm, meaning the decision tree (Young et al., 1994) in acoustic
modeling, is to prevent tremendous potential triphones and the resulting data sparsity
problem.

2.2.1.3 Neural networks with hidden Markov model for acoustic modeling

HMM-based acoustic model using artificial neural networks (ANN) has drawn a signif-
icant research interest (Dahl et al., 2010; Mohamed et al., 2011; Yu et al., 2010; Dahl
et al., 2011; Seide et al., 2011a; Morgan, 2012). It begins with the TIMIT phone recog-
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The transcription Y

Phoneme sequence Q

Context-dependent triphone sequence L

A reduced set of physical model after clustering  P

(silence)            Good        morning          (silence)

sil           g uh d       m ao r n ih ng       sil

sil sil-g+uh g-uh+d uh-d+m  d-m+ao m-ao+r ao-r+n r-n+ih n-ih+ng ih-ng+sil sil

m1 m34 m54 m23 m1 m8 m6 m239 m7 m44 m1

Figure 2.3: An example of context-dependent (triphone) model.

nition task with HMM mono-phone for MFCC features (Mohamed et al., 2010; rahman
Mohamed et al., 2010; Deng et al., 2012), and shortly after that on several large vocabu-
lary ASR tasks with HMM triphone model (Yu et al., 2010; Dahl et al., 2011, 2012; Seide
et al., 2011b; Sainath et al., 2011; Pan et al., 2012). DNN, is a much more extensive and
deeper network compared to ANN, has driven tremendous improvements in LVCSR in
recent decades. Like ANN, DNN is a powerful discriminative model that can directly
represent arbitrary classification surfaces in the feature space without any assumptions
about the data’s structure. In contrast, a GMM-HMM-based model assumes that each
data sample is generated from Gaussian. A weighted sum of those Gaussians models the
entire feature space (Abdel-Hamid et al., 2014). In this section, we review the DNN,
CNN, TDNN and their use within the hybrid NN-HMM architecture.

Deep neural networks. DNN is a feedforward neural network containing more
than one hidden layer. It estimates the output class by transforming an input vector
x into a probability distribution ŷ. The DNN approximately estimates the conditional
distribution p(y|x) and parametrizes this function using many hidden layers followed by
an output layer shown in Figure 2.4. Each layer has a weight matrix W and bias vector
b. The first layer activation vector h(1) in a DNN is computed by

h(1)(x) = σ(W (1)>x+ b(1)) (2.12)

where W (1) and b(1) are the first hidden layer parameters (weight matrix and bias
vectors), respectively. σ(z) is the activation function modeling the nonlinearity. The
subsequent hidden layers compute their hidden activation vector h(i) using the hidden
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x
ŷ

h(1) h(2) h(L-1)

…

Figure 2.4: An example of DNN containing 5-dimensional input layer, (l − 1) 3-
dimensional hidden layers, and 7-dimensional output layers.

activations of the previous layer h(i−1) (Maas et al., 2017).

h(i)(x) = σ(W (i)>h(i−1) + b(1)) (2.13)

Sigmoid is commonly used for the activations. Recent studies show the rectifier nonlin-
earity achieving better performance in hybrid speech recognition as well as other DNN
classification tasks (Dahl et al., 2013; Zeiler et al., 2013; Maas, 2013). The both activa-
tion functions are defined as follows:

σsigmoid(z) =
1

1 + e−z
(2.14)

σreLu(z) = max(z, 0) (2.15)

The output layer must provide a properly formed probability distribution over the
classes. Therefore, DNN uses the softmax nonlinearity is defined as,

ŷj =
EXP (W

(L)>
j h(L−1) + bLj )∑N

k=1EXP (W
(L)>
k h(L−1) + bLk )

(2.16)

where N is the total number of output classes. This distribution can then be used in
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the loss function for the acoustic modeling (Maas et al., 2017).

Convolution neural networks. CNN is one of the classical feedforward networks

h(1) h(2) h(L-1)

…

Input Convolutional Pooling Fully-connected Output

Figure 2.5: An example of CNN containing a convolutional layer followed by a pooling,
fully connected layers, and output layer.

designed to adaptively and automatically learn spatial hierarchies of features through
backpropagation by adopting convolution layers, pooling layers, and fully connected
layers.

Figure 2.5 shows the structure of CNN, composed of the convolutional layer with
the rectifier nonlinearity layer, the fully connected layers, and the output layer. The
convolutional layers extract feature vectors from the input image, retaining the spatial
relationship between pixels by applying filters, where the filter slides over the input
image, and performing element-wise multiplications and summations to generate feature
maps (Abdel-Hamid et al., 2014). The convolution layer is computed by

Qj = σ(
I∑
i=1

Qi ∗ wji )(j = 1...J) (2.17)

Qi represents the i-th input feature map, and wi,j represents each local weight matrix,
flipped to adhere to the convolution operation’s definition (Abdel-Hamid et al., 2014).

The pooling layer is applied to each convolution feature map independently to reduce
the dimensionality of the feature maps without losing the most essential information.
When the max-pooling function is used, the pooling ply is defined as:

pi,m =
G

max
n=1

qi,(m−1)×s+n (2.18)

G is the pooling size, and s is the shift size, which determines the overlap of adjacent
pooling windows (Abdel-Hamid et al., 2014). Likewise, if the average function is used
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for the polling, the output is computed as:

pi,m = r

G∑
n=1

qi,(m−1)×s+n (2.19)

where r is a learnable scaling factor. The rectifier non-linnonlinearityrefeq:relu), full-
connected layer (Equation 2.13), and output layer (Equation 2.16) are mentioned in the
paragraph of DNN.

Time-delay neural networks. TDNN, where the hidden activations are computed
at all time steps, is effective in modeling long-range temporal dependencies (Waibel et al.,
1990). However, computing the hidden activations at all time steps is computationally
expensive. To further solve this problem, Peddinti et al. assumed that neighboring
activations are correlated and can be sub-sampled; therefore, they propose a subsampling
technique where hidden activations at only a few time steps are computed at each level
to reduce computation during training (Peddinti et al., 2015). The experimental results
on several LVCSR tasks with training data ranging from 3 to 1800 hours show the
effectiveness of the TDNN architecture in learning wider temporal dependencies in both
small and large data scenarios (Peddinti et al., 2015).

In a TDNN architecture, the initial transforms are learned in narrow contexts, and the
higher layers can learn wider temporal relationships when processing a broader temporal
context. Each layer in a TDNN operates at a different temporal resolution, increasing
as we go to higher network layers (Peddinti et al., 2015). The transforms in the TDNN
architecture are tied across time steps, so they are seen as a precursor to the convolutional
neural networks. During backpropagation, due to tying, the lower layers of the network
are updated by a gradient accumulated over all the time steps of the input temporal
context. Thus, the lower layers of the network are forced to learn translation invariant
feature transforms (Waibel et al., 1990).

Figure 2.6 is a sample TDNN network, which shows the time steps at which activa-
tions are computed at each layer and dependencies between activations across layers.
The input context of each layer required to compute an output activation is the hy-
perparameter in TDNN network. Table 2.9 presnets the layerwise context specification,
corresponding to the TDNN in Figure 2.6. The notation {−x, y} means the input at
the current frame minus x, and the current frame plus y is spliced together. The con-
figuration in Figure 2.6: the frames t-2 is joined with t+2 at the input layer, which is
written as context {-1, -1, 0, 1, 2} or more compactly as [-2, 2]; and they splice frames
at offsets {−1, 2}, {−3, 3} and {−7, 2} at three hidden layers. Besides, the authors
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Figure 2.6: Computation in TDNN with sub-sampling (red) and without sub-sampling
(blue+red), taken from (Peddinti et al., 2015).
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designed the differences between the offsets at the hidden layers to all be multiples of 3
to ensure the evaluation of a small number of hidden layer activations for each output
frame. The frames in red in Figure 2.6 are the ones we need to evaluate (Peddinti et al.,
2015). With the current sub-sampling scheme, the TDNN training time is sped up by
∼5x, reducing the model size.

Layer input context input context with sub-sampling

1 [-2,+2] [-2,2]
2 [-1,2] {-1,2}
3 [-3,3] {-3,3}
4 [-7,2] {-7,2}
5 {0} {0}

Table 2.9: The context specification of TDNN in Figure 2.6

The asymmetric input context, which has more context to the left, is adopted to reduce
the latency of the neural network in online decoding, demonstrating better WER. A
significant difference in the current TDNN architecture compared to (Waibel et al., 1990)
is the use of the dimension reducing non-linnonlinearitytep-norm (Zhang et al., 2014),
p-norm units with group size of 10 and p = 2 were used across all neural networks in this
work (Peddinti et al., 2015). The training is with greedy layer-wise supervised training,
preconditioned stochastic gradient descent (SGD) updates, exponential learning rate
schedule, and mixing up, was used (Zhang et al., 2014; Peddinti et al., 2015).

2.2.1.4 Language modeling

The prior probability P (Y ) in Equation 2.5 is the language model (LM), assigning a
probability to the word sequence Y1:L = y1, y2, ..., yL. The probability is defined as:

P (Y ) = ΠL
i=1P (yi|yi−1, yi−2, ..., y1) (2.20)

For LVCSR, it is inefficient to compute the probability considering the entire history.
A N -gram model only considers the (N -1) words in the history, so the probability
Equation 2.20 is rewritten to:

P (Y ) = ΠL
i=1P (yi|yi−1, yi−2..., yi−N+1) (2.21)

In practice, N is in the range of 2 to 4. The N -gram probabilities are estimated from
the training text by counting the frequency of every n adjacent word in a string to form
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maximum likelihood parameter estimates:

P (yi|yi−1, yi−2..., yi−N+1) =
C(yi−N+1, ..., yi−1, yi)

C(yi−N+1, ..., yi−2, yi−1)
(2.22)

where C(yi−N+1, ..., yi−1, yi) represents the frequency of word sequence yi−N+1, ..., yi−1, yi

in the training text. However, the problem with this simple maximum likelihood esti-
mation scheme is data sparsity, which causes zero probability problems. The smoothing
techniques such as Absolute discounting (Ney et al., 1994), Kneser-Ney (Kneser and
Ney, 1995), Laplace (C.D. Manning and Schütze, 2008) or the combination of them can
mitigate this problem. The Laplace smoothing is computed by:

PLaplace(yl|yl−n...yl−1) =
C(yl−n...yl−1yl) + 1

C(yl−n...yl−1) + V
(2.23)

where V is the number of unique observations. Kneser–Ney smoothing is particularly
effective when training data is sparse.

For merging different language models, the most popular approach is linear interpola-
tion. It combines the LMs from different sources or N -gram models of increasing order.
Equation 2.24 shows the interpolation of bigram and trigram:

P̂ (yi|yi−1, yi−2, yi−3) = λ1P (yi|yi−1, yi−2) + λ2P (yi|yi−1) (2.24)

where Σjλj = 1 The metric to evaluate the LM is perplexity H. The perplexity for the
N -gram model with a finite length word sequence is defined as:

H = − lim
L→∞

1

L
log2(P (y1, y2, ..., yL))

≈ − 1

L
ΣL
i=1 log2(P (yi|yi−1, yi−2, ..., yi−N+1))

(2.25)

2.2.1.5 Decoding and lattice generation

The decoder aims to find the most likely word sequence Ŷ from all the possible word se-
quences given a sequence of feature vectorsX1:T in a reasonable time. Dynamic program-
ming, such as the Viterbi algorithm (Viterbi, 1982), might solve this problem efficiently.
The computation of Viterbi is as follows:

φ
(j)
t = max

i
{φ(i)

t−1aijbj(yt)} (2.26)
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Although the Viterbi algorithm seems to be an efficient way to solve the maximal proba-
bility of observing the partial sequence Y1:t in-state sj at time t given the model parame-
ter λ, i.e., φ(j)

t = maxθ{p(Y1:t, θt = sj;λ)}, in practice, the implementation of the Viterbi
algorithm is unmanageably complicated for continuous speech because the topology of
models, the computation time, and the expansion of the search space by the language
model.

The recent advances in weighted finite-state transducer technology, which integrates
all the acoustic model, pronunciation, and language model probabilities into a single
compact optimized network, offers the advantage of efficiency and flexibility and is com-
monly useful for the decoder in the HMM-based recognizer.
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Figure 2.7: An example of word lattice.

Practically, the decoder generates N -best hypotheses instead of the most likely hy-
pothesis, where N ranges typically from 100 to 1000, because it allows multiple passes
over the N hypotheses without the expense of computational expense of repeatedly
solving Equation 2.26 from scratch (Gales and Young, 2008).

The word lattice is a compact structure for saving these hypotheses (Thompson, 1990;
Richardson et al., 1995; Young, 1984). Figure 2.7 shows an example of word lattice
consisting of nodes representing points in time and the arcs denoting word hypotheses
along with the acoustic model score or the language model score. Another technique used
in the decoder, such as sharing and pruning, is commonly used to optimize the search
time. Sharing keeps the intermediate results to prevent redundant re-computation, e.g.,
Tree search. Pruning disregards unpromising paths without exploring them further, e.g.,
beam search.

2.2.2 Joint CTC-attention based end-to-end speech recognition

The classical HMM-based ASR architecture is decomposed into five components: fea-
ture extraction, pronunciation dictionary, acoustic model, language model, and de-
coder. When deep learning replaces the count-based approach in language modeling
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and replaces the Gaussian mixture model in acoustic modeling, the ASR performance is
boosted by 50% word error rate reduction as compared to the same architecture without
using deep learning (Prabhavalkar et al., 2024). However, the current state-of-the-art
hybrid HMM-based ASR requires a complicated training regime including handling of
pronunciation dictionary, phoneme inventories, dealing with out-of-vocabulary words,
phonetic clustering, adaptation, and normalization methods for acoustic modeling, etc.
The potential of deep learning on integrating separate modeling steps, e.g., integrating
speech preprocessing and feature extraction into acoustic modeling (Tüske et al., 2014;
Sainath et al., 2015), shed light on the research of replacing classical HMM-based ASR
architecture with a more integrated joint neural network.

E2E represents “considering all components of an ASR system jointly as a single
computational graph” (Prabhavalkar et al., 2024). There are various E2E modeling
approaches such as CTC (Graves et al., 2006), the recurrent neural network transducer
(RNN-T) (Graves, 2012), the recurrent neural aligner (RNA) (Sak et al., 2017), and
the hybrid auto-regressive transducer (HAT) (Variani et al., 2020) for different system
and performance requirement. In this section, we elaborate on one of the popular E2E
architecture called joint CTC-attention E2E, which we used in Chapter 4 and Chapter 5.

2.2.2.1 Connectionist temporal classification

CTC uses the intermediate label representation {ε, π1, ..., πT}, which contains a blank
label {ε} representing the special emission without labels and allows the repetitions of
labels. For example, if y = (c, a, t), then the modified label sequence y ′ = (ε, c, ε, a, ε, t, ε),
and Φ(y ′) is a set of all possible label sequences from y . CTC trains the model to
maximize the probability distribution over all possible label sequences:

P (Y |X ) =
∑

π∈Φ(y ′)

P (π|X ) (2.27)

Generally, CTC is applied on top of recurrent neural networks, and the probability of
observing the label at time t is the output unit at time t. The probability on the label
sequence π is derived to:

P (π|X ) ≈
T∏
t=1

qt(πt) (2.28)

where qt(πt) is the softmax activation of πt label in the output layer q at time t. As
noted before, CTC trains the model to maximize P (y |x ). Therefore, the loss is defined

29



2 Background

as the negative log-likelihood of the ground truth character sequence y*. i.e. LCTC =

− lnP (y*|x ) and is updated efficiently using the forward-backward algorithm (Baum
et al., 1970). With the assumption of conditional independence in Equation 2.28, the
CTC model commonly incorporates language models and lexicon (Hannun et al., 2014;
Miao et al., 2015) to compensate lacking inter-label dependencies.

2.2.2.2 Attention-based encoder-decoder

The attention model does not require any assumptions like CTC model and emits each
label distribution at u conditioning on previous labels as follows (Bahdanau et al., 2016):

P (Y |X ) =
∏
L

P (yu|X , y1:(u−1)) (2.29)

h = Encoder(X ) (2.30)

yu ∼ AttentionDecoder(h, y1:(u−1)) (2.31)

To be able to learn two sequences with different lengths, i.e., feature vector sequence
X and word sequence Y , on the cross-entropy criterion, the model framework consists
of two recurrent neural networks (RNN): Encoder and attention-Decoder. As stated
in Equation 2.30, the encoder transforms feature vectors sequence to high-level rep-
resentation h = (h1, ..., hL). The Equation 2.31 presents the attention-decoder that
generates the probability distribution over label yu conditioning on h and the previous
labels y1:(u−1). Besides, the labels representing the start of sentence <sos> and the end
of sentence <eos> are added to the target set, so the decoder finishes the generation of
the hypothesis when <eos> is emitted. The attention loss, the negative log-likelihood
of the ground truth y*, is as follows:

LAttention = − lnP (y ∗ |x ) = −
∑
u

lnP (yu ∗ |x , y1:(u−1)∗) (2.32)

The attention mechanism integrates all the output of the encoder h into cu based on
the attention weight vectors au ∈ RL

+ over input L identifying where to pay attention to
output step u. The following equations for computing au and cu:

eu,l =

w> tanh(Wsu−1+V hl+b) content-based

fu = F ∗ au−1, w
> tanh(Wsu−1+V hl+Ufu,lb) location-based

(2.33)
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au,l =
exp(γeu,l)∑
l exp(γeu,l)

(2.34)

cu =
∑
l

au,lhl (2.35)

where w, W , V , F , U , b are trainable parameters, γ is the sharpening factor (Chorowski
et al., 2015) and su−1 is the decoder state and * means convolution. In Equation 2.33,
two types of attention mechanisms are content-based and location-based. Both take the
decoder state, s(u−1), and the content of input, hl, into account. In the location-based
attention mechanism, the feature vectors fu,l extracted from the previous attention au−1

is additionally used (Chorowski et al., 2015). The decoder generates next label yu and
updates the state with previous information, i.e., cu, su−1, and yu−1,

yu ∼ Generate(cu, su−1) (2.36)

su = Recurrency(su−1, cu, yu) (2.37)

the functions of Generate and Recurrency are a feedforward network and a recurrent
network, respectively.

2.2.2.3 Joint CTC-attention multi-task learning

Figure 2.8: The joint CTC-attention architecture, taken from (Kim et al., 2017).
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The joint CTC-attention multi-task learning (MTL) method treats a CTC objective
function as an auxiliary task to train the attention model encoder within the multi-
task learning framework. Figure 2.8 illustrates the overall joint CTC-attention MLT
architecture, composed of a shared encoder network and attention models. The model
is expected to be more robust in acquiring appropriate alignments in noisy conditions
because CTC can enforce monotonic alignment between speech and label sequences.
Besides, CTC is fast-convergence; therefore, using CTC as an auxiliary task can let the
network learn quickly. The objective is defined as follows by using both objectives from
the attention and CTC model (Kim et al., 2017):

LMTL = λLCTC + (1− λ)LAttention (2.38)

where λ is a tunable parameter ranging from 0 to 1.

2.2.2.4 Recurrent neural network based language model

A recurrent neural network language model (RNNLM) is commonly used in E2E to avoid
the conditional independence assumption issue. The network has an input, hidden, and
output layer, denoted as g, s, and o, respectively. Input to the network in time t is
g(t), o(t) is output, and the state of the network is s(t). Input vector g(t) is formed by
joining vector w representing the current word, and output from neurons in the hidden
layer s at time t−1. The computation of input, hidden, and output layers are as follows
(Elman, 1990; Mikolov et al., 2010):

g(x) = w(t) + s(t− 1) (2.39)

sj(t) = σsigmoid(
∑
i

gi(t)uji) (2.40)

ok(t) = σsoftmax(
∑
j

sj(t)vkj) (2.41)

where the activation functions σ are defined in Equation 2.14 and Equation 2.16. In
the network training, the weights are initialized to small values with random Gaussian
noise and updated by the standard backpropagation algorithm with stochastic gradient
descent.

There are two common ways to incorporate LM with an E2E ASR model: shallow
fusion (SF) (Kannan et al., 2018) and cold fusion (CF) (Sriram et al., 2018). SF refers
to log-linear interpolation with separately trained language models at each step of the
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beam search. The criterion for decoding a sequence-to-sequence model combining a LM
using shallow fusion is as follows (Kannan et al., 2018),

y = arg max logP (Y |X ) + λ logPPLM(Y ) + γc(X ,Y ) (2.42)

where PLM is provided by an LM, and λ and γ are tunable parameters. c(x, y) is referred
to as a coverage penalty and is designed to penalize incomplete transcripts by measuring
the extent to which the input frames are “covered” by the attention weights, computed
as (Kannan et al., 2018):

c(X ,Y ) =
∑
j

log(min
∑
i

ai,j, 0.5) (2.43)

where ai,j is attention probability of the j-th output label yj on the i-th input feature
vector xi.

Unlike SF uses the LM in the decoding state, CF uses the pre-trained language during
the training of the sequence-to-sequence (S2S) model to provide effective linguistic con-
text (Toshniwal et al., 2018). The fine-grained element-wise gating function is equipped
to flexibly rely on the LM depending on the uncertainty of predictions (Sriram et al.,
2018):

sLMt = DNN(dLMt ) (2.44)

where dLMt is the hidden states of RNNLM, sLMt is a feature from the external LM. The
S2S models’ hidden states sEDt is defined as:

sEDt = σ(WED[dt; ct] + bED) (2.45)

CF uses a fine gating mechanism, and the gating function gt takes features from the S2S
model and the external LM.

gt = σ(W g[sEDt ; sLMt ] + bg) (2.46)

sCFt = [sEDt ; gt ◦ sLMt ] (2.47)

where ◦ is element-wise multiplication.

rCFt = DNN(sCFt ) (2.48)

P (yt|h, y < t) = softmax(WCF r
CF
t + bCF ) (2.49)
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In this thesis, we will use SF for combining LM with the E2E ASR in the Chapter 4
and Chapter 5.

2.3 Cycle-consistent adversarial networks

CycleGAN is a self-supervised method; the model learns to translate the image from a
source domain X to a target domain Y without using paired examples and has shown
significant performance improvement in image-to-image translation (Zhu et al., 2017).
The goal of CycleGAN is to learn a mapping G : X → Y so that the images from G(X)

are indistinguishable from the image in domain Y using a GAN loss (the min-max loss),
was first described in a 2014 paper named “Generative adversarial networks (GAN)” by
Ian Goodfellow et al..

GAN is a generative model that creates new data similar to the training data in the
target domain. In many studies, it has shown impressive results in many fields: image
generation (Denton et al., 2015), representation learning (Radford et al., 2016; Salimans
et al., 2016; Mathieu et al., 2016) and image editing (Zhu et al., 2016). As shown in
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Figure 2.9: Overview of GAN structure.

the Figure 2.9, a GAN contains a generator and a discriminator. The generator learns
to generate fake data, which become negative training examples for the discriminator
(Goodfellow et al., 2014). The discriminator learns to distinguish the generator’s fake
data from real data. The discriminator penalizes the generator for producing unrealistic
data (Goodfellow et al., 2014). The objective function of GAN is as follows,

LGAN(G,DX) = Ex[logDX(x)] + Ez[log(1−DX(G(z)))] (2.50)
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Figure 2.10: Overview of CycleGAN structure.
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Figure 2.11: The illustrations of forward cycle consistency loss (left) and backward cycle
consistency loss (right).

where Ex is the expected value over all real data instances, Dx is the discriminator’s
estimated probability that real sample x is real, G(z) is the generator’s output when
given noise z, and Ez is the expected value over all generated fake sample G(z).

However, this mapping is highly under-constrained. Zhu et al. propose to use an
inverse mapping F : Y → X and introduce a cycle consistency loss to push F (G(X)) ≈
X and G(F (Y )) ≈ Y (Zhu et al., 2017). Figure 2.10 shows the structure of CycleGAN
that contains two generators G : X → Y and F : Y → X, and associated adversarial
discriminators DX and DY . The GAN loss in CycleGAN is:

LGAN(G,F,DY , DX) = LGAN(G,DY ) + LGAN(F,DX)+ (2.51)

E
y∼pdata(y)

[logDY (y)] + E
x∼pdata(x)

[log(1−DY (G(x)))]+

E
x∼pdata(x)

[logDX(x)] + E
y∼pdata(y)

[log(1−DX(F (y)))]

where G tries to generate images G(x) that look similar to images from domain Y , while
DY aims to distinguish between translated images G(x) and real images y, and vice
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Figure 2.12: The illustration of the identity mapping loss.

versa for the inverse generator F and discriminator DX . In sum, G aims to minimize
this objective against an adversary discriminatorD that tries to maximize it. In practice,
we train the G to minimize Ex∼pdata(x)[(DY (G(x)) − 1)2] and train the D to minimize

Ey∼pdata(y)[(DY (y)−1)2]+Ex∼pdata(x)[DY (G(x))2]. Although adversarial training can learn
the mapping that produces images similar to the distribution at the target domain, the
generator can map the same set of input images to any random permutation of images in
the target domain, where any of the learned mappings can induce an output distribution
that matches the target distribution. Thus, adversarial losses alone cannot guarantee
that the learned function can map an individual input xi to a desired output yi (Zhu
et al., 2017). To reduce the space of possible mapping functions, the author introduces
two cycle consistency losses to further regularize the mappings shown in Figure 2.11.
The intuition of cycle consistency loss is that if we translate from one domain to another
and back again, we should arrive at where we started. i.e., Figure 2.11 shows the forward
cycle-consistency loss: x → G(x) → F (G(x)) ≈ x and the backward cycle consistency
loss: y → F (y)→ G(F (y)) ≈ y. Hence, the cycle consistency loss is

Lcyc(G,F ) = E
x∼pdata(x)

[||F (G(x))− x||1] + E
y∼pdata(y)

[||G(F (y))− y||1] (2.52)

Besides, Zhu et al. further found that it is helpful to introduce an identity loss to
encourage the mapping to preserve color composition between the input and output
by adopting the technique of Taigman et al. (Taigman et al., 2017). This technique
regularizes the generator to be near an identity mapping when real samples of the target
domain are provided as the input to the generator as shown in Figure 2.12 and the below
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equation:

Lidentity(G,F ) = E
y∼Pdata(y)

[||G(y)− y||1] + E
x∼pdata(x)

[||F (x)− x||1] (2.53)

In sum, the full objective function of CycleGAN containing GAN loss, cycle-consistency
losses, and identity loss is as follows,

L(G,F,DY , DX) = LGAN(G,F,DY , DX)

+ λ1Lcyc(G,F ) + λ2Lidentity(G,F )
(2.54)

where λ1 and λ2 control the relative importance of the cycle consistency loss and the
identity loss, respectively.
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3 Noise-robust automatic speech
recognition

This chapter aims to improve the ASR WER when the speech signal quality is noisy
or degraded. First, we propose DenseNet with domain adversarial learning for acoustic
modeling to enhance the ability of the model’s noise-robustness (Section 3.1). Second,
we propose a multi-discriminator CycleGAN for feature mapping to efficiently remove
the noisy signal from the speech feature vectors (Section 3.2).

3.1 Noise-robust acoustic modeling

In recent years, ASR performance has been significantly improved by using neural net-
works with deep structures (Hinton et al., 2012; Seide et al., 2011b; Dahl et al., 2012).
Various neural network architectures such as TDNN (Waibel et al., 1990), CNN (Abdel-
Hamid et al., 2012), recurrent neural networks (Graves et al., 2013), and their combi-
nations (LeCun and Bengio, 1998) have been developed to improve ASR performance.
Very deep CNN demonstrate impressive performance (Qian and Woodland, 2016; Yu
et al., 2016; Xiong et al., 2018), especially in noisy conditions (Qian and Woodland,
2016).

Recently, in the computer vision research community, DenseNet have significantly
improved over the state-of-the-art networks on four highly competitive object recognition
benchmark tasks (Huang et al., 2017). The idea is to introduce shorter connections
between layers close to the input and those close to the output, alleviating the vanishing-
gradient problem. Furthermore, DenseNet require fewer parameters than traditional
CNN with the same deep structure (Huang et al., 2017). In (Li and Vu, 2018), we showed
that DenseNet can be used for acoustic modeling, achieving impressive performance on
the WSJ test set.

Domain adversarial learning is an unsupervised domain adaptation in natural language
processing (Ganin et al., 2016). It has been integrated with DNN for noise-robust
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speech recognition successfully (Shinohara, 2016; Denisov et al., 2018). However, to our
knowledge, domain adversarial learning with a complex network like DenseNet has never
been examined. Therefore, this work investigates the noise robustness of DenseNet and
DenseNet with domain adversarial learning. Our experimental results on noisy data
demonstrate that DenseNet can effectively improve the noise robustness of the system,
outperforming other neural-based models. Domain adversarial learning can enhance the
model’s robustness against known and unknown noise conditions.

3.1.1 Densely connected convolutional networks

DenseNet uses shorter connections between layers close to the input and those close to
the output, alleviating the vanishing-gradient problem. For acoustic modeling, DenseNet
input the unadapted features 40-dimensional log Mel-filterbank and predict the context-
dependent HMM states (Senones) (Li and Vu, 2018). Given an input x0 and a CNN
with N layers, where each layer is equipped with a nonlinear transformation Hn(·),
which is the composition of three consecutive operations: batch normalization, followed
by a rectified linear unit (ReLU), and a 3 × 3 convolution, DenseNet introduces direct
connections from any layer to all subsequent layers. The output of n-th layer is:

xn = Hn([x0, x1, x2, ..., xn−1]) (3.1)

where [x0, x1, x2, ..., xn−1] refers to the concatenation of the feature maps yielded in all
the previous layers. Figure 3.1 illustrates the dense connectivity structure, called dense
block, in which each layer inputs all preceding feature maps.
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Figure 3.1: An example of a 3-layer dense block.

DenseNet consists of multiple dense blocks connected in series and separated by tran-
sition layers. Each transition layer comprises a 1 × 1 convolution layer and a 2 × 2

average pooling layer. Figure 3.2 illustrates how these dense blocks and transition layers
are composed in DenseNet. Note that pooling is only performed outside of dense blocks.
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Figure 3.2: The dense blocks in DenseNet connect via transition layers.

Furthermore, DenseNet reduces the number of feature maps by 1×1 convolution layer
in the transition layer to improve model compactness. For example, if a dense block has
y feature maps, the transition layer generates bθyc output feature maps, where θ is the
compression factor and the range is 0 < θ ≤ 1.

The growth rate of DenseNet is the number of channels in their convolution layers.
By Equation 3.1, the n-th layer within a dense block has k× (n− 1) + k0 input feature
maps, where k0 is the number of input channels and k (the model’s growth rate) is the
number of channels for subsequent convolution layers. The previous studies found that
DenseNet performs better when k is a small integer, e.g., k = 12 (Huang et al., 2017).
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Figure 3.3: Our proposed DenseNet with domain adversarial learning.

The noisy and clean conditions could be viewed as different domains. Therefore, we
propose DenseNet with domain adversarial learning for noise-robust acoustic modeling.
Figure 3.3 shows the overall architecture, which consists of three sub-networks: the sub-
network θy is for senone classification, the sub-network θz is for domain classification, and
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the share-network θx is the sharing part of the two tasks. The shared network can be seen
as a feature extractor that converts an input vector to the latent representation. Each
output of the sub-network acts as a classifier to calculate posterior probabilities of classes
given this latent representation (Shinohara, 2016; Denisov et al., 2018). With domain
adversarial learning, the networks are learned adversarially to the domain classification,
which encourages the networks to learn noise-invariant information. The cross-entropy
loss functions for the senone classifier and domain classifier are defined as follows:

Ly(θx, θy) = −
∑
i

logP (yi|xi; θx, θy) (3.2)

Lz(θx, θz) = −
∑
i

logP (zi|xi; θx, θz) (3.3)

The parameters are updated as

θy ← θy − ε
∂Ly
∂θy

(3.4)

θz ← θz − ε
∂Lz
∂θz

(3.5)

θx ← θx − ε(
∂Ly
∂θx
− λ∂Lz

∂θx
) (3.6)

where λ is the gradient reversal coefficient, it is a positive scalar parameter to adjust
the regularization strength.

To train the shared network adversarially to the domain classification sub-network,
the gradient reversal layer, which reverses the gradient by multiplying it with λ in the
backward propagation phase, is used for the first layer of sub-network (Shinohara, 2016).

∂L
∂ξin

← −λ ∂L
∂ξout

(3.7)

where ξin and ξout represent the input and output vectors of the layer, respectively.
When the training is finished, the output of the entire network θx, θy for the senone
classification is used for decoding.

3.1.3 Experimental setup

We evaluate our method on the two datasets: self-develop noise-corrupted RM and
Aurora-4, introduced in Subsection 2.1.1. We first investigate how well the DenseNet is
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3.1 Noise-robust acoustic modeling

against noise under different noise levels by comparing the WER with baseline. Further,
we examine the effectiveness of using domain adversarial learning by adding it on top of
DenseNet as shown in Figure 3.3 and compare the WER with DenseNet and baseline.

The baseline models are DNN, CNN, and TDNN with HMM based acoustic models,
described in Subsubsection 2.2.1.3. DNN contains six hidden layers with sigmoid acti-
vation functions and one fully connected output layer with a softmax activation. Each
hidden layer has 1024 units. The feature is 40-dimensional MFCC. CNN comprises two
convolution layers with max-pooling layers and four affine layers with sigmoid activation
functions. Each affine layer contains 1024 units. The input features are 40-dimensional
MFCC with the first and the second time derivatives. DNN and CNN use five left and
right context windows, and the batch size is 256. TDNN contains five weight layers
with different subsampling. It uses asymmetric input contexts, with more context to
the left, i-Vector in addition to the speaker-adapted system, and it applies speed per-
turbation to emulate vocal tract length perturbations and speaking rate perturbation.
The DNN and CNN acoustic models are implemented by PDNN (A Python Deep learn-
ing toolkit) (Miao, 2014), which uses Theano (Theano Development Team, 2016) and
Lasagne (Dieleman et al., 2015). We use the Kaldi speech recognition toolkit to make
a decoding graph and train TDNN and language model (Povey et al., 2011).

We use the same settings for the DenseNet from our previous work (Li and Vu, 2018):
The first layer is 3 × 3 convolution followed by four dense blocks. Each block contains
fourteen 3×3 convolutional layers. Each dense block, except the last one, is followed by
a transition layer having 1×1 convolution and 2×2 average pooling. The depth is sixty-
five, the growth rate is twelve, and the compression ratio is 0.5. All the convolutional
layers use kernel size 3 × 3. Figure 3.3 shows the structure of DenseNet-DAL, but the
shared layer is only the first convolutional layer. The following layers are training for
senone classification task. The gradient reversal coefficient λ is 0.5. The input features
for DenseNet, and DenstNets-DAL models are 40-dimensional MFCC with the first and
the second time derivatives.

3.1.4 Result and discussion

Figure 3.4 and Figure 3.5 show the comparison of WER on the known noise and unknown
noise test sets in noise-corrupted Resource Management. Note that Data-1 contains the
background noise with SNR from 0 to 4, Data-2 includes the background noise with SNR
from 0 to 8, and Data-3 contains the background noise with SNR from 0 to 12. Therefore,
the models’ WERs on the Data-1 are higher than the ones in the Data-2 and Data-
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3 Noise-robust automatic speech recognition

3. The result shows that DenseNet performs better than the baseline, and DenseNet-
DAL performs the best on both the known noise and unknown test sets. Besides, the
performance of DenseNet-DAL is the most stable compared to the performance of DNN,
CNN, TDNN, and DenseNet when the noise becomes louder, meaning SNR decreases.
That implies that DNN, CNN, TDNN, and DenseNet misrecognize noise as speech when
the noise becomes severe. Table 3.1 backups this implication by showing the cherry-
picked hypotheses of TDNN and DenseNet in which the utterance background noise is a
dumpster truck with SNR= 1, where TDNN and DenseNet fail to distinguish the noise
and speech while DenseNet-DAL was unaffected.

Table 3.2 presents the models’ WER on the Aurora-4 test set, which consisting four
conditions: A means clean and Sennheiser microphone condition, B means Sennheiser
microphone and noise added condition, C denotes clean and second microphone condi-
tion, and D denotes second microphone and noise added condition. The results show
that DenseNet and DenseNet-DAL outperform TDNN under clean and noisy conditions,
mainly under noisy and second microphone conditions; our proposed DenseNet-DAL
achieves more than 10% word error rate reduction (WERR) as compared to TDNN and
DenseNet.

Data-1 Data-2 Data-3
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11
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17

Noise-corrupted Resource Management dataset

W
E

R
%

DNN
CNN

TDNN
DenseNet

DenseNet-DAL

Figure 3.4: The WER comparison between models on the known noise test sets.
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Figure 3.5: The WER comparison between models on the unknown noise test sets.

Model hypothesis

Ground-truth LIST FULL LOCATION DATA FOR TRACK FFF088
TDNN LIST FULL LOCATION DATA FOR TRACK FFF088 TO EIGHT
DenseNet LIST FULL LOCATION DATA FOR TRACK FFF088 IN THE EIGHT
DenseNet-DAL LIST FULL LOCATION DATA FOR TRACK FFF088

Table 3.1: The cherry-picked hypotheses.

Model A B C D Average
WER%

TDNN 3.47 7.44 10.14 21.91 13.57
DenseNet 3.57 7.29 7.12 16.56 11.53
DenseNet-DAL 3.58 6.58 6.76 16.42 10.21

Table 3.2: The WER comparison between models on the Aurora-4 test set.
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3.1.5 Conclusion

This section investigates the noise robustness of DenseNet and their extension with
domain adversarial learning, DenseNet-DAL, for acoustic modeling. Our experimental
results demonstrate that DenseNet are more robust against noise than DNN, CNN, and
state-of-the-art model TDNN. Furthermore, we show that applying domain adversarial
learning improves the performance of DenseNet and model generalization.
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3.2 Single-channel speech enhancement

3.2 Single-channel speech enhancement

Single-channel speech enhancement strives to reduce the noise component from noisy
speech to increase the intelligibility and perceived quality of the speech component
(Loizou, 2013). It has been used as a pre-processing in speech-related applications such
as ASR. In the past years, deep learning has been employed in single-channel speech en-
hancement and has succeeded dramatically. Some works proposed deep learning-based
masks to filter out the noise on noisy input features (Narayanan and Wang, 2013; Wang
et al., 2014; Weninger et al., 2015). However, the mask approach is based on an unre-
alistic presumption: the noise is strictly additive, and the scale of the masked signal is
the same as the clean target. Therefore, the feature mapping approach was proposed
to solve that problem by training a mapping network that directly transforms the noisy
features to the clean ones (Maas et al., 2012; Lu et al., 2013; Feng et al., 2014; Weninger
et al., 2014; Xu et al., 2015; Chen et al., 2017).

GAN (Goodfellow et al., 2014), domain adversarial training (Ganin et al., 2016) and
CycleGAN (Zhu et al., 2017) have drawn attention in the deep learning community since
they demonstrate better generalization by using discriminator network to encourage the
model to produce noise-invariant features to ease the mismatch issue between source and
target domain. These approaches have also been applied to speech enhancement (Meng
et al., 2018a,b; Liao et al., 2019). Meng et al. proposed cycle-consistent speech en-
hancement (CSE) and adversarial cycle-consistent speech enhancement (ACSE) models
in which an additional inverse mapping network is introduced to reconstruct the noisy
features from the enhanced ones (Meng et al., 2018b). CSE and ACSE are designed to
train with parallel and non-parallel data, respectively. The main difference between CSE
and ACSE architecture is that ACSE used two discriminator networks to distinguish the
enhanced features from the noisy ones and the noisy features from the clean ones (Meng
et al., 2018b). The models are evaluated on the CHiME-3 dataset, and the CSE model
achieves reasonable WERR, while the ACSE model is less effective.

Generative multi-adversarial networks (GAM), a framework that extends GAN to mul-
tiple discriminators, was proposed in Computer Vision, and it produces higher quality
samples in a fraction of the iterations when measured by a pairwise GAM-type met-
ric (Durugkar et al., 2017). Hosseini-Asl et al. (Hosseini-Asl et al., 2018) proposed
a multi-discriminator CycleGAN (MD-CycleGAN), similar to GAM, for unsupervised
non-parallel speech domain adaptation. MD-CycleGAN employs multiple independent
discriminators on the power spectrogram, each in charge of different frequency bands
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3 Noise-robust automatic speech recognition

(Hosseini-Asl et al., 2018). The experimental results demonstrate the effectiveness of the
MD-CycleGAN model on CTC E2E ASR with gender adaptation (Zhou et al., 2018).
However, the input and the generated features are the power spectrogram, which is un-
common for the current ASR system, i.e., hybrid or E2E. Besides, MD-CycleGAN did
not consider the identity loss, which might be meaningful in the non-stationary noise
scenario. We will explain this in more detail in the latter subsection.

This work contributes to single-channel speech enhancement in the following aspects:
(1) To the best of our knowledge, we are the first to propose a novel framework based on
the multi-discriminators generative models (Durugkar et al., 2017; Hosseini-Asl et al.,
2018) for feature mapping in single-channel speech enhancement and the feature mapping
model uses the same input, i.e., log Mel-filterbank, as ASR input; (2) We propose to
train multiple generators and multiple discriminators on homogeneous data to improve
the feature mapping model to improve ASR’s WER; (3) We show that our models
outperform strong baselines with up to 10.03% and up to 14.9% WERR on CHiME-3
development set and evaluation set without retraining the ASR system that is trained
with WSJ clean data.

3.2.1 Cycle-consistent adversarial networks
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Figure 3.6: The illustration of CycleGAN for single-channel speech enhancement.

In Section 2.3, we elaborate the structure (Figure 2.10) and the objective function
(Equation 2.54) of CycleGAN. For single-channel speech enhancement, X denotes the
noisy speech domain, and Y denotes the clean speech domain. One generator learns the
mapping from noisy signal feature vectors to clean ones, i.e., G : X → Y , and another
learns the mapping from clean speech feature vectors to noisy ones, i.e., F : Y → X. Two
discriminators, DX and DY , predict whether the sample is from the actual distribution
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3.2 Single-channel speech enhancement

(“real”) or produced by the generator (“fake”) given the feature input. Figure 3.6 shows
the illustration of CycleGAN for single-channel speech enhancement, and the objective
function is stated in Section 2.3.

3.2.2 Multi-discriminators cycle-consistent adversarial networks
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Figure 3.7: The illustration of multi-discriminator CycleGAN for single-channel speech
enhancement.

However, the GAN loss is formed by the judge of the discriminator. Suppose one
discriminator cannot detect the noisy components in the generated clean speech. In
that case, it can not guide the generators in learning the mapping between noisy speech
feature vectors and clean ones. Inspired by the works of multi-discriminators generative
models (Durugkar et al., 2017; Hosseini-Asl et al., 2018) and CycleGAN (Zhu et al.,
2017), we propose to strengthen the complexity of the discriminator in the clean speech
domain that judges the generated clean speech feature vectors (i.e., G(x)) using multiple
discriminators.

The illustration of multi-discriminator CycleGAN for single-channel speech enhance-
ment is shown in Figure 3.7. In this figure, two discriminators are responsible for a
mutually exclusive subregion of the feature vectors. The number of discriminators is a
tunable parameter. If there are n discriminators for clean speech domain Y , the full
objective function is unchanged, but the GAN loss is the average of GAN losses with n
discriminators as follows,

LGAN(G,F,DY1 , .., DYn , DX) =
Σi=n
i=1LGAN(G,DYi)

n
+ LGAN(F,DX) (3.8)

In Equation 3.8, the GAN loss for the i-th discriminator LGAN(G,DYi) is defined as
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Mask1   D Y1

Mask2   D Y2

Figure 3.8: An example of using the mask to zero out the unresponsible areas in the
feature vectors for each discriminator.

follows:

LGAN(G,DYi) = E
y∼pdata(y)

[logDYi(Mask(i)x)] (3.9)

+ E
x∼pdata(x)

[log(1−DYi(Mask(i)G(x)))] (3.10)

All discriminators are responsible for mutually exclusive areas in the feature vectors.
To do so, the mask zeros out the area one discriminator does not need to examine. For
example, there are only two discriminators for the clean speech domain. The feature is
a 4-bin log Mel-filterbank, then the mask for the first discriminator DY1 zeros out the
third to fourth bins, and the mask for the second discriminator DY2 zeros out the first
and second bins. The illustration is shown in Figure 3.8.

The mask is a m×m diagonal matrix, where m is the number of bins of feature vectors
(i.e., in this experiment, m = 40). Each discriminator is responsible for the same number
of bins but a different area. The formula of Mask(i) for the i-th discriminator is defined
as below:

Mask(i) =


k11 0 0 0

0 k22 0 0

0 0 k33 0

...

0 0 3 km,m

 (3.11)

kjk(i) =

1, if j = k and m
n

(i− 1) ≤ j < m
n
i

0, otherwise
(3.12)

Furthermore, we can even increase the number of generators and the number of dis-
criminators by dividing the training data into different homogeneous subsets. We will
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3.2 Single-channel speech enhancement

talk about it in detail in the later subsections.

3.2.3 Experimental setup

We use CHiME3, introduced in Subsection 2.1.1, to evaluate our proposed feature map-
ping models. The baseline ASR is trained by Kaldi (Povey et al., 2011) with eighty
hours WSJ, elaborated in Subsection 2.1.3. Kaldi first trains the GMM-HMM (Subsub-
section 2.2.1.2) to get alignment, and then trains the hidden Markov model with time
delay neural networks (TDNN-HMM) (Subsubsection 2.2.1.3) with speed and volume
perturbed features. The input feature consists of a 40-bin log Mel-filterbank and a 100-
bin i-Vector. In decoding, we use an extensive dictionary, a trigram pruned LM, and
run re-scoring with a fourgram LM.
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Figure 3.9: The architecture of MDCycleGAN (A1, n=2), where we train the model with
the training data mixing gender and noise types.

Our proposed multi-discriminators CycleGAN feature mapping, MDCycleGAN, is
trained with 3200-utterance data containing a 1600-utterance two-hour real noisy set
and a 1600-utterance two-hour clean set. The feature is a 40-dimensional log Mel-
filterbank using a hamming window. The context window of each frame is 5, so the
input size for the generator and the discriminator is (1, 11, 40). The network for the
generator is a nine-block Resnet (He et al., 2016), and the number of filters in the last
convolutional layer in Resnet is 64. The discriminator is composed of three convolutional
layers with a normalized layer. The number of filters in the first convolutional layer is
64. The batch size is 512, and the learning rate is 0.0002, with learning decay every 50
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epochs. The optimizer is Adam (Kingma and Ba, 2015), and the model is trained for
200 epochs. The λ1 and λ2 for Lcyc and Lidentity are 10 and 0.5, respectively because
they produce the best clean features based on the ASR performance.

We design three architectures in this experiment. In the first architecture (Figure 3.9),
A1, we train one MDCycleGAN with 3200-utterance four-hour unpaired noisy-clean
speech data from all genders and all different types of noises. In the second architecture
(Figure 3.10), A2, we split the data by gender and train two MDCycleGANs with each
subset simultaneously. In the third architecture (Figure 3.11), A3, we split the data
not only by gender but also by types of noise. By doing so, we obtain eight subsets of
training data: (1) female and BUS, (2) female and CAF, (3) female and PED, (4) female
and STR, (5) male and BUS, (6) male and CAF, (7) male and PED, and (8) male and
STR. We train eight MDCycleGANs with eight subsets separately.
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Figure 3.10: The architecture of MDCycleGAN (A2, n=2), where we train each model
with the subset of training data divided by gender.

For simplicity, MDCycleGAN (A1, n=2) denotes MDCycleGAN consisting of two
discriminators in the clean speech domain and training using A1 architecture. Besides,
we use MDCycleGAN feature mapping or MDCycleGAN speech enhancement, denoting
our proposed method through this section.

3.2.4 Result and discussion

Table 3.3 and Table 3.4 show the WERs of the ASR system without or with feature
mapping on the CHiME-3 development and evaluation sets, respectively. Note that the
ASR system is trained with WSJ clean data and stays unchanged while the input fea-
tures are enhanced with our proposed multi-discriminators CycleGAN (MDCycleGAN)
models. In both tables, we underline the WERs, which are better than the ones without
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Figure 3.11: The architecture of MDCycleGAN (A3, n=2), where we train each model
with the subset of training data divided by gender and the noise type.
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Model AVG BUS CAF PED STR
WER%

Baseline ASR 32.14 38.88 37.79 18.93 32.94

CycleGAN (A1) 35.25 37.82 43.79 22.23 31.97
MDCycleGAN(A1, n=2) 33.53 35.39 39.47 22.84 31.03
MDCycleGAN(A2, n=3) 29.45 34.12 33.94 17.92 28.45

CycleGAN (A2) 34.05 37.11 45.22 23.4 30.47
MDCycleGAN(A2, n=2) 31.44 36.14 39.2 20.22 30.17
MDCycleGAN(A2, n=3) 32.64 37.17 39.57 21.76 32.06

CycleGAN (A3) 35.12 38.16 37.17 23.06 38.06
MDCycleGAN(A3, n=2) 30.19 33.26 35.91 19.68 30.48
MDCycleGAN(A3, n=3) 28.66 32.00 32.54 18.04 28.52
MDCycleGAN(A2, n=4) 29.51 33.6 33.44 18.69 28.79

Table 3.3: The WER comparison between models on the CHiME3 real noisy develop-
ment set.

Model AVG BUS CAF PED STR
WER%

Baseline ASR 61.46 82.91 62.33 57.21 43.41

CycleGAN (A1) 60.33 76.48 67.39 57.01 40.42
MDCycleGAN (A1, n=2) 57.64 71.49 64.14 54.28 40.64
MDCycleGAN (A1, n=3) 53.29 68.61 58.46 49.48 36.61

CycleGAN (A2) 61.54 74.78 69.87 62.14 39.39
MDCycleGAN (A2, n=2) 60.88 73.73 67.54 59.98 42.27
MDCycleGAN (A2, n=3) 57.53 70.48 65.17 54.97 39.50

CycleGAN (A3) 60.62 72.87 62.42 58.71 44.79
MDCycleGAN (A3, n=2) 55.30 66.37 60.29 51.03 37.80
MDCycleGAN (A3, n=3) 52.80 65.84 56.54 46.49 36.91
MDCycleGAN (A3, n=4) 54.01 67.00 56.29 49.44 36.70

Table 3.4: The WER comparison between models on the CHiME3 real noisy evaluation
set.
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applying the feature mapping model. The WER in bold is the best performance among
the models in the same architecture category.

3.2.4.1 One discriminator vs. multi-discriminators

MDCycleGAN (A1/A2/A3, n=2) performs better on the development and evaluation set
than CycleGAN (A1/A2/A3). MDCycleGAN (A1/A2/A3, n=3) performs better than
CycleGAN (A1/A2/A3) or MDCycleGAN (A1/A2/A3, n=2). These results suggest the
importance of having multiple discriminators.

However, the performance of CycleGAN models in A1 or A2 architectures is similar
to that of the ASR without feature mapping in all types of noises. The WERs are only
better on the “BUS” and the “STR” noisy data but not on the “CAF” and the “PED”
noisy data. The best models in architecture A2 on the development and evaluation sets,
MDCycleGAN (n=2) and MDCycleGAN (n=3), all have more than one discriminator.
We also observe that the best model in architecture A3 is MDCycleGAN (n=3), which
has three discriminators in the clean speech domain. It has a WER of 28.66% and
52.80% on the development and the evaluation set, respectively, and outperforms the
ASR without feature mapping in all types of noisy data. These results suggest using
two or three discriminators and eight generators achieves the best result.

3.2.4.2 One generator vs. multi-generators

Figure 3.12 shows the WERs comparisons of ASR models using CycleGAN (A1/A2/A3)
and MDCycleGAN (A1/A2/A3, n=2,3) speech enhancement, which have multiple gener-
ators and multiple discriminators in the clean speech domain. For example, Figure 3.12a
compares the CycleGAN (A1/A2/A3), and A2 and A3 models have more than one gen-
erator. Figure 3.12b compares the models having the same number of discriminators
(n=2), but the number of generators is one, two, and eight. The comparison of models
having three discriminators (n=3) is in Figure 3.12c.

The results in Figure 3.12a and Figure 3.12b show that when there are only one
or two discriminators (n=1,2), the A2 models perform better than the A1 models in
the “BUS”, “CAF” and “PED” noisy conditions. The MDCycleGAN models using A3
architecture slightly perform better than those with A2 architecture. i.e., the two-
generator model performs better than the one-generator one, and the eight-generator
model slightly performs better than the two-generator one when the models have one or
two discriminators in the clean speech domain (n=1,2).
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Figure 3.12: The ASR with or without speech enhancement performance comparison.
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For comparing three discriminator models (n=3) in Figure 3.12c, the A3 models per-
form slightly better than the A2 models, and the A2 and A3 models perform much
better than the A1 models. i.e., the eight-generator model is better than the two and
one-generator models. Our results demonstrate that adding and training more genera-
tors with well-split data is essential in improving overall performance.

3.2.5 Analysis

3.2.5.1 Recognition output

Model WER% INS DEL SUB

Baseline ASR 32.14 170 6054 2491

CycleGAN (A1) 35.25 723 5894 2942
MDCycleGAN (A1, n=3) 29.45 240 5309 2437
CycleGAN (A2) 34.05 779 5372 3083
MDCycleGAN (A2, n=2) 31.44 303 5611 2611
CycleGAN (A3) 35.12 718 5940 2867
MDCycleGAN (A3, n=3) 28.66 398 4255 3120

Table 3.5: The WER, insertion, deletion, and substitution comparison between mod-
els with or without CycleGAN/MDCycleGAN speech enhancement on the
CHiME3 real noisy development set.

Table 3.5 analyzes the WER, insertion, deletion, and substitution of models without
and with CycleGAN/MDCycleGAN speech enhancement. For all three architectures,
A1, A2, and A3, the CycleGAN has two or three times more insertions than the MD-
CycleGAN. It implies that the CycleGAN does not remove noisy signals well, so the
ASR, trained with clean data, misrecognizes noisy signals as speech signals. The num-
ber of deletions in the hypothesis from the MDCycleGAN is less than the CycleGAN,
which means the ASR recognizes more words correctly when applying the MDCycleGAN
method.

3.2.5.2 Cherry-picked hypotheses and spectrogram

Table 3.6 shows the cherry-picked hypotheses: the first example contains bus background
noise, and the second example contains cafeteria background noise. The corresponding
log-Mel spectrograms are shown in Figure 3.13, Figure 3.14 and Figure 3.15. Table 3.6
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Model hypothesis

Ground-truth OUR CUSTOMERS WANT THEM
Baseline ASR
CycleGAN (A1) OUR CUSTOMERS WON’T GIVE UP
MDCycleGAN (A1, n=3) OUR CUSTOMERS
MDCycleGAN (A3, n=3) OUR CUSTOMERS

Ground-truth WHAT ABOUT IN SOUTH AFRICA ITSELF
Baseline ASR WHAT ABOUT A SATISFACTORY
CycleGAN (A1) BUT WHAT ABOUT A SOUTH AFRICAN GETS OUT
MDCycleGAN (A1, n=3) WHAT ABOUT A SAD FACT GETS OUT
MDCycleGAN (A3, n=3) WHAT ABOUT SOUTH AFRICANS

Table 3.6: The cherry-picked hypotheses.

aligns with our observation in Table 3.5: adding more generators and discriminators for
the target domain helps ease the high deletion problem.

Figure 3.13, Figure 3.14 and Figure 3.15 show the comparison of log-Mel spectrograms
of the same utterance in Table 3.6 from original clean utterance, noisy utterance without
applying speech enhancement, noisy utterance after using CycleGAN (A1) and MDCy-
cleGAN (A1, n=2,3) speech enhancement at the time-stamp 0 to 5000 milliseconds, 500
to 1000 milliseconds, and 1000 to 1500 milliseconds, respectively.

From 0 to 1000 milliseconds, our proposed models reduce the noise and help the ASR
recognize the words successfully. However, from 1000 to 1500 milliseconds, the utterance
might still contain some noisy components after using our MDCycleGAN, so the ASR
could not recognize the two words “WANT THEM” well. Besides, CycleGAN might not
transform the noisy signal to the clean signal well, so the ASR misrecognizes “A” as
“O”, and the latter predictions “GIVE UP” have nothing in common with the two words
“THEM” concerning the pronunciation.

In the second example, the MDCycleGAN (A3, n=3) performs much better than the
CycleGAN/MDCycleGAN (A1, n=1,3); many substitutions and insertions exist in the
CycleGAN/MDCycleGAN (A1, n=1,3). However, the MDCycleGAN (A3, n=3) has
more deletions than the (A1, n=1,3) CycleGAN/MDCycleGAN in this example.

3.2.6 Conclusion

In this work, we investigate the performance of ASR using CycleGAN speech enhance-
ment and our novel extension MDCycleGAN, multiple generators, and multiple discrimi-
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3.2 Single-channel speech enhancement

nators feature mapping. Our experimental results show that multiple generators trained
with well-split subsets are better than one trained with all the data. Besides, the models
consisting of multiple discriminators for the clean speech domain improve the average
WER. Our best feature mapping model MDCycleGAN (A3, n=3) improves the WERR
for four noisy scenarios and achieves 10.03% WERR on the development set and 14.09%
WERR on the evaluation set.
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3 Noise-robust automatic speech recognition

(a) Clean speech (b) Noisy speech (c) CycleGAN (d) MDCycleGAN
(A1, n=3)

(e) MDCycleGAN
(A3, n=3)

Figure 3.13: The log-Mel spectrograms from 0-500 ms correspond to the first example
in Table 3.6 with or without speech enhancement.

(a) Clean speech (b) Noisy speech (c) CycleGAN (d) MDCycleGAN
(A1, n=3)

(e) MDCycleGAN
(A3, n=3)

Figure 3.14: The log-Mel spectrogram from 500-1000 ms corresponds to the example in
Table 3.6 with or without speech enhancement.

(a) Clean speech (b) Noisy speech (c) CycleGAN (d) MDCycleGAN
(A1, n=3)

(e) MDCycleGAN
(A3, n=3)

Figure 3.15: The log-Mel spectrogram from 1000-1500 ms corresponds to the example in
Table 3.6 with or without speech enhancement.
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4 Mandarin-English code-switching
automatic speech recognition

In this chapter, we discuss the contribution to improving the MER of Mandarin-English
CS ASR. First, we propose a state-of-the-art model for Mandarin-English CS by apply-
ing proposed methods to the issues in the current ASR system (Section 4.1); Further,
we exploit CycleGAN to generate artificial Mandarin-English CS text from Mandarin
text to improve the performance of LM and ASR (Section 4.2).

4.1 Automatic speech recognition for

Mandarin-English code-switching

The first ASR system for Mandarin-English CS conversational speech is GMM-HMM
model, which investigates different merged acoustic units for acoustic modeling, artificial
CS data for language modeling, and the use of language identification in the decoding
process (Vu et al., 2012). Recent studies show that deep learning has boosted the perfor-
mance of HMM-based ASR (Dahl et al., 2012; Hinton et al., 2012), and the state-of-the-
art ASR architecture - hybrid TDNN-HMM model - has shown incredible performance
on many LVCSR tasks (Peddinti et al., 2015). Despite hybrid ASR’ ss excellent per-
formance, building this system remains complicated and expertise-intensive. First, it
requires various resources, such as pronunciation dictionaries and phonetic questions
for acoustic modeling. Second, it relies on the Gaussian mixture model for frame-level
alignments. In the context of CS, creating a pronunciation dictionary for two languages
might require expert knowledge.

Recently, some studies proposed a single neural network architecture to perform speech
recognition in an end-to-end manner to resolve the issues in hybrid ASR. There are two
types of E2E frameworks: CTC based (Graves and Jaitly, 2014; Maas et al., 2015) and
attention based (Bahdanau et al., 2016; Klein et al., 2017). Although the attention
model has been shown to improve the performance over the CTC-based, it is difficult to
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4 Mandarin-English code-switching automatic speech recognition

learn in the initial training stage with long input sequences and performs poorly in noisy
conditions. A joint CTC-attention-based E2E framework was proposed to improve noise
robustness, achieving fast convergence and mitigating the alignment issue (Hori et al.,
2017). The experimental results on the benchmarks, WSJ and CHiME4, demonstrate its
advantages over CTC and attention-based frameworks and comparable results to hybrid
ASR systems.

Mandarin and English have many significant differences (Roach, 2000; Zhang and Yin,
2009). First, Mandarin uses a logographic system in which symbols represent the words’
meaning, not their pronunciation. Second, Mandarin is a tone language that uses the
pitch to distinguish word meaning, whereas English uses the pitch to express emotion
or emphasize words. Third, the syntactic structure. For example, in English, things
are usually modified by the words that come after them, while in Mandarin, things are
generally modified by the words that precede them. Furthermore, predicting the CS
points is difficult, entirely up to the individual speakers (Poplack, 1980). Take the below
sentences S1 and S2 as examples; the English word “GO” has a similar pronunciation
as the Mandarin character “夠”, but both have different meanings. Both sentences are
common in the CS environment. If the ASR system is mainly trained with monolingual
Mandarin data, it is more likely to predict the next character to be “夠” given the history
“我”. Some might argue that the ASR systems can learn the conditional probability
P (GO| 我) from the CS data. However, collecting CS data is time-consuming and
financially expensive. Besides, the CS points highly depend on the speakers (Poplack,
1980), and covering all possible CS points is not easy.

• S1: 我 GO 了 (Translation: I go.)

• S2: 我 夠 了 (Translation: It is enough for me.)

This work contributes to ASR for Mandarin-English CS in the following aspects: (1)
we analyze several issues of Mandarin-English CS speech that might cause recognition
errors and inject knowledge derived from the analysis into the development process of the
E2E ASR system; (2) We merge discourse particles and non-linguistic signals, integrate
language identification into the prediction process, utilize English subword modeling,
artificially lower speaking rates, and use data augmentation to solve these issues; (3) We
investigate the effect of these techniques and their combinations on the ASR performance
in terms of MER; (4) We explore different LM integration methods to interpolate the
knowledge of the LM into our best-combined system.
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4.1.1 Identification of subproblems

4.1.1.1 Discourse particle and non-linguistic signal

There are 430 unique discourse particles, hesitations, and non-linguistic signals, such as
people laughing and coughing. These signals might be informative for sentiment analysis
or emotion detection, not speech recognition.

4.1.1.2 Code-switching points prediction

There are two language-switching directions: one is from English to Mandarin, and
another is from Mandarin to English. SEAME has 12.24% switching points, 6.04% from
English to Mandarin and 6.2% from Mandarin to English. Previous studies state that
the CS points are indeterminate because the CS decision is entirely up to the individual
speakers (Auer, 1999), and there are some CS patterns across speakers (Poplack, 1980).
Moreover, in over 80% of cases, speakers directly switch languages without any short
pause and discourse particle between two adjacent different languages (Lyu et al., 2010).
It is a challenge for conventional HMM-based ASR systems to predict the switching
points due to insufficient acoustic information.

4.1.1.3 Out-of-vocabulary

Out-of-vocabulary (OOV) is a common problem in speech recognition and is getting
severe due to the recognition of two languages. For example, there are around 370,000
Mandarin words and 172,000 English words. If we combine two dictionaries into a lexicon
for the ASR systems, the tedious lexicon would make ASR hard to train due to colossal
memory and time consumption. Besides, it is challenging to maintain such an extensive
dictionary since language grows over time.

4.1.1.4 High speaking rate

A rate of clear speech ranges between 140-160 words per minute (wpm) and a rate
higher than 160 wpm can make it difficult for the listener to absorb the material. The
study reports that Singaporean speakers have an average speaking rate of 181 wpm and
Malaysian speakers 151 wpm (Lyu et al., 2010). Note that there are 72 hours of speech
from Singapore and 27 hours from Malaysia. Therefore, around 70% of the utterances
have high speaking rates.

63



4 Mandarin-English code-switching automatic speech recognition

4.1.1.5 Data scarcity

Although many multilingual countries exist, only a few do CS between Mandarin and
English. Besides, CS speech commonly occurs in casual conversation, and it is impossible
to record it for free due to privacy concerns. Especially in E2E ASR, data scarcity is a
significant problem in building a good system.

4.1.2 Proposed solutions to subproblems

4.1.2.1 E2E speech recognition

The joint CTC-attention model within MTL framework (Subsection 2.2.2) has shown
impressive performance over the CTC-based and attention-based E2E ASR due to its
robustness, fast convergence, and mitigation of the alignment issues (Hori et al., 2017).
Furthermore, it allows building ASR systems without a pronunciation dictionary, which
is convenient for CS ASR because combining two languages’ pronunciation dictionaries
requires expert knowledge.

In this work, we follow the most current recipe from Espnet to train the E2E ASR. The
encoder network is five-layer 1024-units bidirectional long short-term memory networks
(BLSTM)s with subsampling. The decoder is one-layer 1024-units BLSTM. The joint
CTC-attention parameter λ in Equation 2.38 is 0.5. The beam size is 20, and the CTC
weight is 0.5 for decoding. The dictionary contains Mandarin characters and English
subwords.

4.1.2.2 Merging discourse particles and non-linguistic signals

Subsubsection 4.1.1.1 shows many non-language labels, such as discourse particles, hes-
itations, and non-linguistic signals in the dataset. The system should put effort into
learning language instead of non-language labels. Therefore, we group all the discourse
particles and hesitation pauses into the same class, e.g., “lah” and “hmm” are labeled as
〈dispar〉. We mark all the non-linguistic signals as 〈nlsyms〉. By doing so, the neural
networks will focus on learning language instead of non-language labels.

4.1.2.3 Language identification using hierarchical softmax

To predict the CS points mentioned in Subsubsection 4.1.1.2, we propose to exploit
language identification to predict the language given the history. We integrate the
language identification into the E2E attention model by using hierarchical softmax, the
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output layer factorized by class, proposed in (Mikolov et al., 2011). The probability of
character at the i-th time step y(i) given history is as follows:

P (y(i)|history) = P (s(i)|history)P (y(i)|s(i)) (4.1)

where s(i) denotes the language, English or Mandarin, at the i-th time step.
Therefore, the objective function for CS E2E is adapted from Equation 2.38 to:

LMTL = λLCTC + (1− λ)(LAttention + Lld) (4.2)

Where Lld is the loss of language identification, which is the negative log-likelihood of
the ground truth s*, is as follows:

Lld = −
∑
i

lnP (s(i)|x, s(1 : (i− 1))) (4.3)

4.1.2.4 English subword modeling

To tackle the OOV problem mentioned in Subsubsection 4.1.1.3, for Mandarin, we pro-
pose to use characters as units so that the E2E system only needs to recognize 50,000
characters instead of 370,000 words. For English, the subword model can solve the OOV
problem and offer a capability in modeling more extended context than using characters
(Xiao et al., 2018; Zeng et al., 2019).

4.1.2.5 Lower speaking rate

Subsubsection 4.1.1.4 states the problem of the high speaking rate that causes difficulty
in recognition. In a daily conversation, when people do not understand what others
say, they usually ask others to repeat it with a lower speaking rate. Motivated by this
observation, we propose artificially lowering the entire dataset’s speed.

4.1.2.6 Data augmentation

To augment the CS data, we exploit the three-way speed-perturbed method, modifying
the speed to 0.9 and 1.1 of the original rate and adding to the original data (Ko et al.,
2015). Furthermore, we add several monolingual datasets for the training process, al-
lowing our system to learn more pronunciation variants. For the monolingual Mandarin
dataset, we use Aishell-1, which contains 170 hours of speech contributed by 400 people
from different accent areas in China (Bu et al., 2017), 30 hours of Mandarin Chinese
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4 Mandarin-English code-switching automatic speech recognition

speech THCHS30 database (Wang and Zhang, 2015), and Free ST Chinese Mandarin
corpus has 110 hours from 855 speakers recorded in a silent indoor environment using a
cellphone (Surfingtech, 2019). For the monolingual English dataset, we adopt 1000-hour
Librispeech (Panayotov et al., 2015) and 425-hour Common Voice (Ardila et al., 2020)
introduced in Subsection 2.1.3.

4.1.2.7 Language model integration method

SF (Kannan et al., 2018) and CF (Sriram et al., 2018), described in Subsubsection 2.2.2.4,
are common ways to integrate an external LM into E2E ASR systems. In this work,
we combine LM with E2E system using SF, which computes the score by linearly inter-
polating the score from a S2S model and an external LM to maximize the criterion in
Equation 2.42.

4.1.3 Result and discussion

This section presents a performance comparison in terms of MER between the baseline
E2E ASR and all proposed solutions. Table 4.1 shows the terminology of the proposed
solutions.

Term explanation

E2ELD The E2E ASR with language identification

E2ESW(SEAME500) The E2E ASR with English subword model.
The model is trained with the SEAME dataset,
and the dictionary size is 500.

SL Slowing down the speed of utterance.
SL(0.7) denotes the reduction in the speech rate to 0.7.

3W 3-way speed perturbation

F Adding monolingual data
F1 denotes 100 hours of Mandarin data,
F2 denotes 100 hours of English data,
F3 denotes 200 hours of Mandarin and English data,
F4 denotes 1000 hours of Mandarin and English data.

Table 4.1: Terminology for Mandarin-English code-switching E2E ASR.
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4.1.3.1 Merging non-linguistic symbols and language identification

Table 4.2 compares the baseline E2E ASR with our proposed models. Note that the
“nlsyms labels” denote the train and test sets using the original non-linguistic labels;
otherwise, we apply our method (Subsubsection 4.1.2.2) to handle non-linguistic labels.
Besides, dev* and eval* denote the models’ MER without considering non-linguistic
labels. The underlined MER means it’s better than the MER of the model, which uses
the same techniques and is trained on the original non-linguistic labels.

This table shows that the E2E model trained with the data using our proposed non-
linguistic labels (Subsubsection 4.1.2.2) does not outperform the one trained with the
data using SEAME non-linguistic labels. However, when we integrate the language
identification method into E2E model, i.e., E2ELD, the model’s performance boosts
compared to the model trained with the data using SEAME non-linguistic labels. We
underline the MER when it’s better than the one where the model is trained by the same
techniques with the data using SEAME non-linguistic labels. The result shows that the
models using our proposed non-linguistic labels perform better.

Table 4.3 shows the cherry-picked hypotheses. The baseline has mistakenly recognized
the English word “initiative” as the sequence of English words and Mandarin characters
highlighted in blue ink. Our proposed E2ELD model demonstrates better recognition
due to the success of language identification.

Model SEAME nlsyms label dev eval dev* eval*
MER%

baseline (E2E) Y 39.8 31.7 39.8 31.0
E2ELD Y 39.1 31.4 38.7 30.6
E2ESW(SEAME500) Y 34.6 27.9 34.1 27.1
E2E+SL(0.7) Y 36.5 29.2 36.1 28.4
E2E+3W Y 34.8 27.7 34.4 26.8
baseline (E2E) N 40.3 31.6 41.1 31.4
E2ELD N 38.1 29.3 38.7 28.9
E2ESW(SEAME500) N 33.6 26.4 33.9 25.7
E2E+SL(0.8) N 37.3 29.0 38.0 28.6
E2E+3W N 34.4 26.7 34.3 26.2

Table 4.2: The MER comparison between models on the SEAME development and eval-
uation set with or without considering non-linguistic labels.
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4.1.3.2 English subword modeling

We use two texts, SEAME and Librispeech transcriptions, to train the English sub-
word model and investigate the effect of using different sources to prepare the subword
dictionary on the performance of the ASR. We found that E2ESW using 500 English
subwords dictionary, collected from SEAME transcriptions, performs better than the
one collected from Librispeech transcriptions. The reason is that the frequent subwords
in Librispeech and SEAME differ. To be more specific, SEAME has many conversation-
style English words and proper names related to South Asia, while Librispeech mainly
contains literary words. Therefore, the words in Librispeech are not likely to be used in
a casual South Asian conversation.

4.1.3.3 Lower speaking rate

Model hypothesis

Ground-truth then 你不可以 take initiative 去讲么
baseline (E2E) then 你不可以 that in 你学 tive 就 讲嘛
E2ELD then 你不可以 tat initiative 就 讲

Ground-truth why you want to be the head of your of your group of friends
baseline (E2E) why want to be the head of your group of friends
E2E+SL (0.7) why you want to be the head of your of your group of friends

Table 4.3: The cherry-picked hypotheses.

We examine different speaking rates, ranging from 0.6 to 0.9, to lower the audio
speed and compare the ASR performance. Table 4.2 shows that the model trained with
the data reduced the speaking rate by 0.7 using SEAME non-linguistic labels performs
better than baseline and E2ELD. When the data using our proposed non-linguistic labels,
lowering the speaking rate to 0.8 works better than the baseline and E2ELD.

The lower part of Table 4.3 compares the hypothesis from the baseline and E2E+SL
model. Note that the utterance corresponding to the hypothesis has a high speaking
rate. Our proposed model recognizes more words after lowering the speaking rate by 0.7.
Because the speaking rate for the second utterance in the lower part of the table is high
(14 words in 3 seconds), our proposed E2E+SL(0.7) performs better than the baseline,
which reveals that a high speaking rate is one of the reasons causing bad recognition.
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4.1.3.4 Data augmentation: 3-way speed-perturbed and external monolingual
dataset

Table 4.2 shows that 3-way (3W) speed-perturbed (E) improves the performance signifi-
cantly when using the original labels and our proposed labels for the data. The E2E+3W
model performs better with our proposed labels than the model using the original labels.

Furthermore, we observe the effect of adding different amounts of monolingual data,
in Table 4.1, on the ASR performance. Table 4.4 shows the MER of models, trained
with the four mixed datasets separately, on SEAME development and evaluation sets
without considering non-linguistic symbols (dev* and eval*). We apply our method
(Subsubsection 4.1.2.2) to handle non-linguistic labels. English sentences are denoted as
“ENG”, Mandarin sentences are marked as “MAN”, and “CS” represents the Mandarin
English CS sentences. The table shows the average MER and the WER for English, the
CER for Mandarin sentences, and the MER for CS Mandarin-English sentences.

Model dev eval dev* eval*
ENG MAN CS ENG MAN CS Avg Avg

baseline (E2E) 58.5 31.0 38.8 45.9 28.6 30.2 39.8 31.0
E2E+F1 61.1 29.5 38.4 46.0 27.3 29.2 39.5 30.1
E2E+F2 56.0 30.1 36.6 43.3 28.3 29.0 37.7 29.9
E2E+F3 56.5 28.6 36.5 43.2 26.5 28.0 37.5 28.8
E2E+F4 62.8 31.6 38.2 46.9 29.4 29.5 39.2 30.7

Table 4.4: The MER comparison between models using external monolingual data with
or without considering non-linguistic labels.

The model trained with F1 mainly improves the performance of Mandarin speech.
The one trained with F2 enhances the performance in English speech and, interestingly,
Mandarin and CS speech. When we train the model with F4, the MER becomes worse
than the one trained with F3. This result may be because monolingual data becomes
dominant in the train set. However, F4 has better performance on monolingual bench-
marks. i.e., E2E+F4 model achieves 12.6% WER on the WSJ test and 10.1% CER on
Aishell-1 test set, and E2E+F3 model gets 26% WER and 35% CER on the same test
sets, while the baseline model, trained only with SEAME data, has over 100% WER
and CER on both monolingual benchmarks. The results indicate that optimizing the
performance on both CS and monolingual test sets is a necessary trade-off that needs
future investigations.
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4.1.3.5 To combine all the approaches?

Note that all the combined systems are trained with the SEAME original labels be-
cause we want to find the best-combined system and then apply it with our proposed
method of handling the labels (Subsubsection 4.1.2.2) to the data. The upper part of
Table 4.5 compares the MER of combined models trained on the SEAME dataset; the
lower part presents the well-combined models trained on the SEAME and the monolin-
gual datasets. The values in bold are the best MER compared to other models using
the same train set. Table 4.5 shows that all combinations except E2ELD+SW improve
the MER, especially the combinations involving E2ESW, SL and 3W improve the most.
E2ELD+SW’s worst performance may be because introducing English subwords contain-
ing 3 to 4 phones makes the model more challenging to estimate language identification.
Overall, adding monolingual data improves the performance of all the combined mod-
els. E2ESW+3W+F3 achieves the best performance with 25.0% MER on the SEAME
evaluation set. As mentioned, we apply this best combination with our proposed labels,
and the model achieves 23.7% MER on the SEAME evaluation set.

Model dev eval dev* eval*
MER%

baseline (E2E) 39.8 31.7 39.8 31.0

E2ELD 39.1 31.4 38.7 30.6
E2ESW 34.6 27.9 34.1 27.1
E2E+SL 36.5 29.2 36.1 28.4
E2E+3W 34.8 27.7 34.4 26.8
E2ELD+SW 37.0 29.9 36.7 29.1
E2ELD+SL 36.2 29.7 35.8 28.9
E2ELD+3W 34.3 27.4 33.9 26.5
E2ESW+SL 34.4 27.8 34.0 27.0
E2ESW+3W 32.5 25.9 32.0 25.1
E2E+SL+3W 32.8 26.1 32.3 25.2
E2ESW+SL+3W 31.9 26.0 31.5 25.1

E2ELD+3W+F3 34.0 26.8 33.5 25.9
E2ESW+SL+F3 32.8 26.4 32.3 25.5
E2ESW+3W+F3 31.4 25.0 30.8 24.2

Table 4.5: The MER comparison between combined models on the SEAME development
and evaluation sets with or without considering non-linguistic labels.
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4.1.3.6 Language model fusion methods

Results in Table 4.6 show the comparison of models’ MER without or with an external
LM. When using SEAME non-linguistic labels or our proposed labels, the best-combined
model, E2ESW+3W+F3, achieves up to 35% relative MER compared to the baseline
models. Again, the model trained with our proposed labels has the lowest MER.

The second row in the table shows the comparison between our best-combined model
and the state-of-the-art TDNN-HMM model (Peddinti et al., 2015), which applies i-
Vector and 3-way data perturbation techniques followed by a Kaldi chain recipe (Povey
et al., 2011). Kaldi exploits a bilingual pronunciation dictionary, and it combines
the TDNN-HMM chain model with the LM using SF. The results show that our
best-combined model with an external LM either using SF or CF outperforms the
TDNN-HMM chain model with LM.

Model LM fusion nlsyms label dev eval dev* eval*
MER%

baseline (E2E) Y 39.8 31.7 39.8 31.0
baseline (E2E) N 40.3 31.6 41.1 31.4

E2ESW+3W+F3 Y 31.4 25.0 30.8 24.2
E2ESW+3W+F3 N 30.8 23.7 30.7 23.0

baseline (TDNN-HMM) SF N 35.9 30.7 35.3 29.7
E2ESW+3W+F3 SF N 29.8 22.8 29.7 22.0
E2ESW+3W+F3 CF N 29.9 23.0 29.7 22.2

Table 4.6: The MER comparison between baseline, TDNN-HMM model, and best-
combined model on the SEAME development and evaluation sets with or
without considering non-linguistic labels.

Table 4.7 presents two examples explaining how external LM improve the best-combined
model. The red ink’s English word or Mandarin character denotes the substitution.
As stated in Subsubsection 4.1.3.5, E2ESW+3W+F3 is not trained with the language
identification objective since the subword model harms the performance of the lan-
guage identification. Therefore, this model sometimes misrecognizes the English signal
as a Mandarin signal. For example, it recognizes “take” as “带”. From the MER of
E2ESW+3W+F3+SF(LM) and E2ESW+3W+F3+CF(LM), which implies that the ex-
ternal LM helps increase the score of “take initiative” to output the correct sentence.

In the lower block of Table 4.7, the English word “so” and the Mandarin words “所
以” have similar pronunciation and meaning, which leads to the question of whether
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Model LM fusion hypothesis

Ground-truth then 你不可以 take initiative 去讲么
E2ESW+3W+F3 then 你不可以带 initiative 就 讲
E2ESW+3W+F3 SF then 你不可以 take initiative 去讲么
E2ESW+3W+F3 CF then 你不可以 take initiative 去讲

Ground-truth 所以我 就去 apply job
E2ESW+3W+F3 所以我 就去 apply job
E2ESW+3W+F3 SF 所以我 就去 ply job
E2ESW+3W+F3 CF so 我 就去 apply job

Table 4.7: The cherry-picked hypotheses.

the MER is always reliable metrics in the context of CS speech recognition. From
the perspective of automatic evaluation, E2ESW+3W+F3+CF(LM) performs worse
than E2ESW+3W+F3+SF(LM) in this example because E2ESW+3W+F3+CF(LM)
has a longer Levenshtein distance, one substitution plus one insertion, to the ground
truth than E2ESW+3W+F3+SF(LM)’ ss distance, one substitution. However, from
the perspective of human evaluation, E2ESW+3W+F3+CF(LM) performs better than
E2ESW+3W+F3+SF(LM) concerning the completion and meaning of the entire sen-
tence.

4.1.4 Conclusion

We analyze several subproblems of Mandarin-English CS speech based on the SEAME
dataset and provide solutions to each subproblem within the E2E ASR framework.
We explore different combinations of the proposed solutions to achieve optimal ASR
performance. The experimental results reveal that each solution gradually improves the
MER, and the appropriate combination significantly improves the MER (up to 35%
relatively). Our best-combined system with an external LM outperforms the baseline
and the state-of-the-art hybrid TDNN-HMM model.
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4.2 Mandarin-English code-switching data augmentation

4.2 Mandarin-English code-switching data

augmentation

CS is a common phenomenon in multilingual countries. CS speech contains more than
one language (Auer, 2000). Recently, CS speech has received significant attention in
speech communities and is one of the most challenging tasks for ASR systems, either for
hybrid systems (e.g.(Povey et al., 2011)) or E2E systems (e.g.(Watanabe et al., 2018)).
One of the main challenges is data scarcity, especially in language modeling.

Data augmentation provides a potential solution for data scarcity because it is less
time-consuming than collecting and transcribing actual speech data, and people have
shown in many contexts (Ko et al., 2015; Gorin et al., 2016; Shorten and Khoshgoftaar,
2019; Park et al., 2019; Bao et al., 2019) that it improves results. Text generation -
a data augmentation method - has been proposed in (Vu et al., 2012; Vu and Schultz,
2014; Yılmaz et al., 2018; Winata et al., 2018; Chang et al., 2019; Gao et al., 2019; Lee
et al., 2019) to improve LM and ASR performance for CS speech. The first approach
(Vu et al., 2012; Chang et al., 2019; Gao et al., 2019; Lee et al., 2019) breaks down the
main task in two consecutive steps: first to predict CS start and end points and then to
replace a certain number of words or phrases in monolingual text with translated words
or phrases in another language using either rules or machine learning approaches. This
approach suffers from the error propagation problem.

The second approach (Vu and Schultz, 2014; Yılmaz et al., 2018) leverages RNNLM
trained with CS transcriptions. Because of the small amount of CS transcriptions,
the generated texts are often meaningless (Vu and Schultz, 2014). The third approach
(Winata et al., 2018) formulates the CS text generation task as a sequence-to-sequence
problem, mapping monolingual text to CS text and solves the task in an end-to-end
fashion using S2S model (Sutskever et al., 2014; Cho et al., 2014). This model, however,
requires a large amount of parallel training data. Moreover, in other contexts of text
generation, CycleGAN - a variation of GAN (Goodfellow et al., 2014) for style transfer
- has been proposed for translating images (Zhu et al., 2017) and then applied in other
domains (Kaneko and Kameoka, 2017; Bao et al., 2019). The main idea of this model
is to transfer one style of the source domain to another style of the target domain by
learning a mapping between them without any parallel training data. Fu made the first
attempt at the text where they interpreted text styles in common sense and proposed
a model to modify the text’s sentiment and transform the text title between paper and
news styles (Fu et al., 2018).
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In this work, we propose the novel idea of considering CS as a speaking style and,
therefore, use CycleGAN (Zhu et al., 2017) to generate artificial text data for two reasons:
First, CycleGAN transfers styles without any parallel training data; Second, by doing
so, CS text generation can be solved in an end-to-end fashion, meaning that the two
tasks - CS point prediction and short text translation - will be jointly optimized to
mimic the CS distributions in the actual CS data and to maintain the same meaning
when translating from one language to another. To successfully generate artificial CS
text, we explore tricks for training this complex model using a S2S model and leveraging
monolingual data. Finally, we investigate the impact of the cycle losses in CycleGAN
on the LM and the ASR performance.

In sum, our contributions are as follows: (1) To the best of our knowledge, we are the
first to propose a novel framework based on the CycleGAN architecture for generating
artificial CS texts from monolingual texts for language modeling; (2) We show that our
CS generated texts contribute to improving not only the language modeling performance
but also the ASR system on the SEAME corpus.

4.2.1 Sequence-to-sequence model

The S2S model (Sutskever et al., 2014) proposed an end-to-end approach to sequence
learning that makes minimal assumptions on the sequence structure. In the CS context,
the S2S model inputs a Mandarin sentence and generates the Mandarin-English CS
sentence. For example, given a sequence of inputs (Mandarin sentence) (x1, x2, ...xT ),
the goal of the S2S models is to estimate the conditional probability:

P (y1, ..., yT ′|x1, ..., xT ) =
T ′∏
i=1

P (yt|v, y1, ..., yt−1) (4.4)

where (y1, ..., yT ′) is the corresponding output sequence, Mandarin-English CS sentence,
whose length T ′ may differ from T . v is the representation of the input sequence
(x1, ..., xT ) given by the last hidden state of the encoder. The model is trained in a
supervised manner. In CS, the trick is to generate paired training data using Mandarin
texts and their partial dictionary-based translations that form artificially generated CS
texts (Vu et al., 2012). This simple method replaces a certain number of words or
phrases in monolingual texts with their translations based on a dictionary or, as in this
work, using the Google Translation API. Our intuition is that the S2S model will learn
more generalized patterns in CS behaviors by taking advantage of the continuous la-
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tent semantic space and thereby generate more CS variations than the dictionary-based
method.

4.2.2 Cycle-consistent adversarial networks
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Figure 4.1: The architecture of CycleGAN for Mandarin-English code-switching data
augmentation.

In Subsection 4.2.1, we exploit the S2S model trained with the paired data, the mono-
lingual Mandarin text and its corresponding Mandarin-English CS text, for the CS text
generation. However, this method does not use prior knowledge encoded in an existing
CS corpus. Therefore, we propose to employ CycleGAN, where the CS prior knowledge
in the corpus is encoded in a discriminator without any actual paired data, for the CS
text generation.

CycleGAN has been elaborated in Section 2.3. For CS ASR task, let X refer to the
domain of monolingual text, Mandarin text in this work, and Y refer to the domain
of CS text, Mandarin-English CS text in this work. We aim to train the best mapping
G : X → Y , separating the cycle consistency losses into two functions, whose importance
is controlled by tunable parameters λ1 and λ2. The objective function is rewritten from
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Equation 2.54 to:

L(G,F,DY , DX) = LGAN(G,DY ) + LGAN(F,DX)

+ λ1Lforward−cyc(G,F ) + λ2Lbackward−cyc(F,G) + λ3Lidentity(G,F )

(4.5)
where the two-cycle consistency losses are as follows:

Lforward−cyc(G,F ) = Ex∼pdata(x)[|| F (G(x))− x ||1]

Lbackward−cyc(F,G) = Ey∼pdata(y)[|| G(F (y))− y ||1]
(4.6)

Figure 4.1 shows the architecture of CycleGAN for Mandarin-English CS text gener-
ation. There are two generators (G and F ): one transforms a Mandarin sentence to a
Mandarin-English CS one, and another converts a Mandarin-English CS sentence to a
Mandarin one. The two discriminators, DX and DY , try to distinguish the synthetic
sentence from the real sentence in the target domain. In practice, there is more than
one style difference between the monolingual Mandarin data and the Mandarin-English
code-switching data; we propose to first pre-train the generator G, which learns the
mapping from the Mandarin to the Mandarin-English code-switching sentence, with the
synthetic code-switching data mentioned in Subsection 4.2.1, and the discriminator DY

helps push the pre-trained generator G′ to learns the speaking style in the SEAME.

4.2.3 Experimental setup

4.2.3.1 Code mixing index

We use SEAME (Subsection 2.1.2) to evaluate our proposed method. To compare the
artificial CS text generated from different models, we use the code mixing index (CMI)
at the utterance level introduced in (Gambäck and Das, 2014) as a measurement of the
level of mixing between languages; the below shows the definition of CMI,

CMI =

100× [1− max{wi}
(n−u)

], n > u

0, n = u
(4.7)

where n is the total number of tokens, u is the number of other non-verbal tokens (e.g.
people laughing) and max{wi} is the number of tokens from the dominant language. If
an utterance only contains non-verbal tokens (i.e., if n = u), it has an index of zero.

The CMI ranges from [0, 50]. The lower the value, the lower the level of mixing
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between languages. Because this index does not indicate the dominant language in the
utterances, we add the dominant language tag before the CMI and group them into ten
groups presented in Table 4.8. It illustrates ten groups of different mixing levels and the
proportion of each group in the SEAME data set. For example, EN-C2 means English
is the dominant language, and the CMI ranges (0,15]. It is 18%, 16%, and 15% of the
SEAME train, development, and evaluation set, respectively. In the latter section, we
will compare the CMI of artificial text from different models and discuss the results.

CMI-groups CMI train dev eval
(%)

MAN-C1 0 1 1 3
MAN-C2 (0,15] 18 16 15
MAN-C3 (15,30] 25 26 24
MAN-C4 (30,45] 21 23 20
MAN-C5 (45,50] 8 9 9
ENG-C1 0 0 0 0
ENG-C2 (0,15] 4 3 3
ENG-C3 (15,30] 9 9 11
ENG-C4 (30,45] 13 11 14
ENG-C5 (45,50] 1 1 1

Table 4.8: The CMI of train, development, and evaluation sets in the SEAME.

4.2.3.2 Monolingual dataset

We utilize two Mandarin datasets to pre-train the generator and discriminator in the
CycleGAN: First, Aishell-1 contains 96,078 sentences from 400 people in China and
covers finance, science and technology, sports, entertainment, and News topics (Bu et al.,
2017). Second, the National University of Singapore SMS Corpus is a corpus of Short
Message Service (SMS) messages collected for research by the Department of Computer
Science at the National University of Singapore. It consists of 29,031 SMS messages in
Chinese, mainly from Singaporeans and mostly from students attending the University
(Chen and Kan, 2013).

4.2.3.3 Language model and ASR

We trained the baseline LM with SEAME train set containing 94,504 monolingual (En-
glish or Mandarin) and Mandarin-English CS sentences. The word-based LM is one
layer of long short-term memory networks (LSTM) with 650 units and trained with a
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batch size of 20. It achieves perplexities of 84 and 75 on the development and evalua-
tion set, respectively. The subword-based LM is a two-layer RNN model with 650 units
and trained with a batch size of 256 (Espnet default settings). It has a perplexity of
12.37 on the development set and 10.90 on the evaluation set. The baseline E2E ASR
is trained by our proposed method (Section 4.1) implemented in Espnet. The MER on
the development and evaluation sets are 30.7% and 23.0% without any external LM,
respectively. Integrating the baseline LM to our E2E ASR using SF results in a MER
of 30.4% on the development set and 22.4% on the evaluation set.

4.2.3.4 Hyperparameters

The pre-trained generator (S2S) and CycleGAN models are implemented using Python3
and Pytorch (Paszke et al., 2017). The generators in CycleGAN use an RNN encoder-
decoder consisting of two recurrent neural networks with 650 LSTM units. The models
are trained with 96,078 Mandarin sentences from Aishell-1, and their partial dictionary-
based translations formed Mandarin-English CS sentences described in Subsection 4.2.1.
The discriminators in CycleGAN are trained with SEAME train set containing 94,504
sentences and 96,078 Mandarin sentences from the Aishell-1 dataset. The dimension of
word embeddings is 300, and the batch size is 64. The optimizer is Adam (Kingma and
Ba, 2015). The best tunable parameters (λ1 and λ2) in the objective of CycleGAN on
the development set are 0.3 and 0.8, respectively.

4.2.4 Result and discussion

4.2.4.1 Language model evaluation

Table 4.9 shows the perplexities of LMs using different training text on the SEAME
development and evaluation sets. Note that the baseline is trained with SEAME train
text. We compare the LMs, which are trained with (1) SEAME train set, (2) SEAME
train set plus the artificial Mandarin-English CS text from the pre-trained generator
model, and (3) SEAME train set plus the CS text from CycleGAN. The results show
that the LM trained with SEAME plus the generated text from CycleGAN outperforms
the baseline and the one trained with SEAME along with the generated text from the
pre-trained generator on the evaluation set. Because the E2E ASR is subword-based, we
focus on the result of subword-based LM, which shows our proposed CycleGAN method
for CS text generation improves the LM performance most compared to the pre-trained
generator.
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Language model dev eval
PPL

Word-based baseline 84.00 75.00
+ Mandarin-English CS text from pre-trained generator 83.03 74.67
+ Mandarin-English CS text from CycleGAN 83.06 72.59

Subword-based baseline 12.37 10.90
+ Mandarin-English CS text from pre-trained generator 12.13 10.80
+ Mandarin-English CS text from CycleGAN 10.39 9.59

Table 4.9: The perplexities of LMs using different training texts on the SEAME devel-
opment and evaluation set.

4.2.4.2 E2E speech recognition evaluation

The subword-based LM is integrated into the E2E ASR (Section 4.1) using SF, and the
MER on the SEAME development and evaluation sets are presented in Table 4.10 and
Table 4.11. In the tables, “Avg” means the MER on the data set (development and
evaluation sets), and “ENG” is denoted as the WER on the monolingual English text in
the data set, “MAN” is denoted as the CER on the monolingual Mandarin text in the
data set, and “CS” means the MER on the Mandarin-English CS text in the data set.
The results show that the error rate is reduced not only on Mandarin-English CS text
but on the monolingual text when adding the LM trained with the SEAME text plus
the generated CS text; our proposed method improves the model performance the most
as compared to the pre-trained generator and E2E baseline.

Model dev
Avg ENG MAN CS

ASR 30.7
+ LM (SEAME) 30.4 43.4 23.8 30.3
+ LM (SEAME + text from pre-trained generator) 30.3 42.8 23.4 30.2
+ LM (SEAME + text from CycleGAN) 30.1 42.6 23.2 30.0

Table 4.10: The error rate comparison between models on the SEAME development set.
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Model eval
Avg ENG MAN CS

ASR 23.0
+ LM (SEAME) 22.4 32.4 22.7 21.5
+ LM (SEAME + text from pre-trained generator) 22.1 33.0 23.3 21.2
+ LM (SEAME + text from CycleGAN) 21.9 32.5 22.1 21.0

Table 4.11: The error rate comparison between models on the SEAME evaluation set.

4.2.5 Analysis

4.2.5.1 Impact of hyperparameters

Table 4.12 shows the perplexity of the subword-based LMs on the SEAME development
set. The generated CS text is generated by our proposed CycleGAN method with
different values of λ1 and λ2 (we fix λ3 to be 0.5) in Equation 4.5. The table shows that
λ1 = 0.3 delivers the best performance in most cases. The E2E ASR with LM trained
with text generated using CycleGAN framework either with λ1 = 0.3 and λ2 = 0.8

or with λ1 = 0 and λ2 = 0.6 achieve the best MER on the SEAME development and
evaluation sets.

λ1

λ2 0 0.1 0.2 0.3 0.4

0.5 11.56 12.09 12.18 11.11 10.62
0.6 11.02 11.14 11.66 10.81 11.64
0.7 11.05 12.22 10.57 10.56 11.07
0.8 11.94 11.82 11.87 10.39 11.62
0.9 10.43 11.23 11.12 11.96 10.77

Table 4.12: The perplexity of subword-based LMs, trained with SEAME and CycleGAN
synthetic text using different hyperparameters, on the SEAME development
set.

4.2.5.2 Generated text

We analyzed 148,853 generated CS sentences from the pre-trained generator and CycleGAN
and show some interesting examples in this subsection. Table 4.13 shows that when
comparing the distribution of CMI groups, texts generated by CycleGAN have a more
similar distribution to the ones in the SEAME than texts generated by the pre-trained
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generator across all different levels of code-mixing. This fact suggests that our proposed
CycleGAN model successfully mimics the CS distribution in the SEAME corpus.

CMI-groups CMI SEAME pre-trained generator CycleGAN
(%)

MAN-C1 0 1 0 0
MAN-C2 (0,15] 17 13 12
MAN-C3 (15,30] 25 12 20
MAN-C4 (30,45] 21 12 22
MAN-C5 (45,50] 9 13 5
ENG-C1 0 0 0 2
ENG-C2 (0,15] 4 13 10
ENG-C3 (15,30] 9 12 11
ENG-C4 (30,45] 13 13 18
ENG-C5 (45,50] 1 12 0

Table 4.13: The CMI group of SEAME text, the pre-trained generator synthetic text,
and the CycleGAN synthetic text.

We observed an interesting example, which we show in Table 4.14. In it, we compare
the sentences from the pre-trained generator and our proposed CycleGAN models. The
output of the first model contains Mandarin words replaced by their English translations.
Our proposed CycleGAN model produces words with different meanings, e.g., it replaces
“物流” with “2016” instead of its English translation “logistics”. In this case, CycleGAN
transforms the input Mandarin sentence into a different meaningful CS one instead of
just replacing Mandarin words with their translations in English.

Source sentence

Aishell-1 提高 铁路 在物流 市场 中的竞争力
Pre-trained generator improve铁路 在 logistics market in 的竞争力
CycleGAN improve railway in 2016 market in 的竞争力

Table 4.14: The cherry-picked synthetic sentences.

Furthermore, we observe that the artificially generated text using the CycleGAN
model simulates the speaking styles in the SEAME dataset. In Table 4.15, One speaker
in the SEAME dataset tends to stutter, and our proposed CycleGAN model mimics this
behavior.
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Source sentence

SEAME take take多一个 then 就then 就这but那边的东西
最好了我觉得 in terms of of 那

CycleGAN 如果 take take out of ten 根据 one series of of of 问题

Table 4.15: CycleGAN generator simulates stuttering speaking behavior in the SEAME
dataset.

Model MER INS DEL SUB

ASR
+ LM (SEAME) 22.4 4.0 4.8 13.6
+ LM (SEAME + text from pre-trained generator) 22.1 3.9 5.1 13.1
+ LM (SEAME + text from CycleGAN) 21.9 3.7 5.1 13.1

Table 4.16: The MER, insertion, deletion, and substitution comparison between models
with different LMs on the evaluation set.

4.2.5.3 Recognition output

Table 4.16 presents the recognition performance comparison in terms of MER, insertion,
deletion, and substitution between the ASR with LMs. The baseline system has less
deletion while adding artificially generated CS text from CycleGAN results in better
substitution and insertion and the overall MER.

We show some cherry-picked hypotheses in the Table 4.17, which illustrates the im-
provement in recognition by adding artificially generated CS text. The pronunciation
(IPA) of Mandarin characters in bold are [bu], which is similar to the pronunciation of
English word “book”. That shows the positive impact of using LM trained with SEAME
plus artificially generated CS text from our proposed CycleGAN model on improving
the ASR error rate in Mandarin-English CS speech.

4.2.6 Conclusion

We explored a data augmentation method based on CycleGAN to generate CS text
to improve language modeling and further ASR performance. We considered CS as a
speaking style and extended the CycleGAN framework to convert monolingual text to
CS text. Our experiments showed that we could generate CS text that not only mimics
the CS behaviours in terms of different levels of mixing languages but also the speaking
styles in the SEAME corpus. Furthermore, our experiments on SEAME show promising

82



4.2 Mandarin-English code-switching data augmentation

Model hypothesis

Ground-truth SHARED MICROSCOPE
ASR
+LM (SEAME) SHARED MY CROSCORD 吗
ASR+LM (SEAME + text from pre-trained generator) SHARED MY CROSCORD 吗
+LM (SEAME + text from CycleGAN) SHARED MICROSCOPE

Ground-truth 不 concern about this
ASR
+LM (SEAME) book concern about this
+LM (SEAME + text from pre-trained generator) book concern about this
+LM (SEAME + text from CycleGAN) 不 concern about this

Ground-truth 不 厉 害 打 架 的
ASR
+LM (SEAME) 不 利 太 大 家 的
+LM (SEAME + text from pre-trained generator) 不 利 太 大 家 的
+LM (SEAME + text from CycleGAN) 不 厉 害 大 家 的

Table 4.17: The cherry-picked hypotheses.

results with consistent improvements in perplexities for the language model as well as
MER for ASR. Future work could explore in-depth differences between the real CS
corpus and the artificially generated one concerning linguistic properties.
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In this chapter, we focus on improving the WER of semi-supervised E2E ASR using
CycleGAN. First, we propose cycle-consistency inter-domain losses, which is a dissim-
ilarity between encoded speech and its hypotheses, to enhance the shared encoder in
E2E framework so that to generate better intermediate representation to improve the
overall WER of the E2E ASR (Section 5.1). Second, we investigate noisy student train-
ing (NST), which is an iterative self-training method that leverages unlabeled data to
enhance accuracy; we observe the bad performance of NST in deficient supervision data
and limited unpaired data, which is prevalent for most 6,900 worldwide languages. To
tackle this problem, we first improve our previous work CycleGAN and inter-domain
losses (CID) by incorporating the supervised ratio decay and automatical speech-to-text
ratio tuning, calling “enhanced CID.” Further, we propose to add our enhanced CID
approach into the training procedure of NST for low-resource scenario (Section 5.2).

5.1 Semi-supervised end-to-end automatic speech

recognition

E2E ASR directly learns the mapping from acoustic feature sequence to a label, charac-
ter, or subword sequence using an encoder-decoder architecture (Graves and Jaitly, 2014;
Chorowski et al., 2014; Hannun et al., 2014; Miao et al., 2015; Chorowski et al., 2015;
Bahdanau et al., 2016; Chan et al., 2016; Chan and Lane, 2016; Lu et al., 2016; Zhang
et al., 2017; Soltau et al., 2017; Kim et al., 2017; Watanabe et al., 2017). One of the
popular architecture is joint CTC-attention, which effectively utilizes the advantages of
CTC based model and attention based model in training and decoding (Kim et al., 2017;
Watanabe et al., 2017). The CTC model uses Markov assumptions to efficiently solve se-
quential problems by dynamic programming (Graves and Jaitly, 2014; Chorowski et al.,
2014), and the attention model uses an attention mechanism (Bahdanau et al., 2015) to
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perform alignment between acoustic frames and labels. The joint CTC-attention model
improves the robustness and achieves fast convergence, mitigates the alignment issues,
and achieves comparable performance as compared to the conventional ASR based on
a DNN-HMM (Watanabe et al., 2017). However, the E2E model requires a sufficiently
large amount of paired speech-text data to achieve comparable performance (Amodei
et al., 2016; Prabhavalkar et al., 2017). The paired data is expensive, especially for
low-resource languages. There is a huge amount of free, unpaired speech-text data on
the Internet, which we could use with limited paired data to improve the E2E ASR in
a semi-supervised manner.

CycleGAN have demonstrated better model generalization using adversarial loss, cy-
cle consistency loss, and identity mapping loss on unpaired data (Zhu et al., 2017). Most
of the studies in the field of semi-supervised E2E ASR exploit cycle consistency loss to
leverage unpaired data by combining speech-to-text and text-to-speech or text-to-text
models (Tjandra et al., 2017; Hayashi et al., 2018; Hori et al., 2018; Renduchintala et al.,
2018; Karita et al., 2019; Baskar et al., 2019), which introduces extra computational and
memory cost. To tackle this problem, Karital et al. propose a simple and computation-
ally efficient approach leveraging inter-domain loss. This approach targets extracting an
intermediate shared representation of speech and text using a shared network to learn the
underlying knowledge from different modalities (i.e., speech and text data), allowing the
model to capture the latent representation from different modalities input without using
an additional model (Karita et al., 2019). Besides, this work combines speech-to-text and
text-to-text mappings through the shared network in a semi-supervised end-to-end man-
ner and thus improves the speech-to-text performance (Karita et al., 2019). However,
the inter-domain loss, the dissimilarity between the embedding from unpaired speech
and text, might introduce errors to the shared network because it tries to minimize
the distance between unpaired encoded speech and text. For instance, if the speech is
“actually the word I used there was presented ” and the text is “what’s wrong with that”,
the shared network learns to generate similar embedding for both of them. Moreover,
there is no investigation into the effect of the identity mapping loss on semi-supervised
E2E ASR performance, while Zhu et al. observe that the identity mapping loss helps
preserve the color of the input painting (Zhu et al., 2017).

In this section, our contributions are in the following aspects: (1) To the best of
our knowledge, we are the first to investigate the effect of the identity mapping loss
on the performance of semi-supervised E2E ASR proposed in (Karita et al., 2019); (2)
We propose cycle-consistency inter-domain losses, which is a dissimilarity between en-

86



5.1 Semi-supervised end-to-end automatic speech recognition

coded speech and its hypotheses, to help the shared network learn better representation
(Subsection 5.1.2); (3) We combine the identity mapping loss and the cycle-consistency
inter-domain losses in a single framework for semi-supervised E2E ASR and achieve no-
ticeable performance improvement (Subsection 5.1.3 & Subsection 5.1.4); (4) We provide
the analysis on the ASR output and the visualization of inter-domain embedding from
speech and text, which explains the reason of performance gain by our proposed method
(Subsection 5.1.5).

5.1.1 Semi-supervised E2E ASR

Figure 5.1 shows the architectures of the semi-supervised E2E framework, which is based
on joint CTC-attention E2E architecture (Subsection 2.2.2), exploiting inter-domain
loss and text-to-text autoencoder loss to re-trains the E2E model on unpaired data
(Karita et al., 2019). The speech features X = {x1, x2, ..., xT} is fed to the encoder
e : X → I ′ and transformed to the latent representation I ′ = {i′1, i′2, ..., i′h}. On the
other hand, the text embedding g : Y → I converts the text feature Y = {y1, y2, ..., yL}
to the intermediate representation I = {i1, i2, ..., ih}, which is further fed to the shared
encoder ê : I → I ′ to get final laten representation I ′ = {i′1, i′2, ..., i′h}. This latent
representation is named “inter-domain representation” because it contains information
from two different modalities (i.e., speech and text). In this work, both terms, inter-
domain representation, and latent representation, mean the same thing I ′. Besides, the
inter-domain representation from speech denotes as I ′speech, and the one from text as I ′text;
thus I ′ = I ′speech ∪ I ′text. Table 5.1 summarize the mathematical symbols in Figure 5.1.

Symbol definition

X speech features
Y text features
S paired speech-text set
U unpaired speech text set
I intermediate representation

(the intermediate layer’s output in the encoder)
I ′ latent representation (the encoder output)
g : Y → I text embedding
e : X → I ′ encoder
ê : I → I ′ shared encoder
d : I ′ → Y decoder

Table 5.1: Mathmatical symbols and their definitions.
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latent representation I’

Text 
EMBB.

CTC 

hypothesis Y

Inter-domain 
loss

      speech X                 text Y

Text-to-text autoencoder 
loss

 Shared encoder

encoder

Decoder

g: Y → I

ê: I → I’

e: X → I’

d: I’ → Y

Figure 5.1: The architecture of the semi-supervised E2E with symbols defined in Ta-
ble 5.1.

The inter-domain loss is the dissimilarity between the latent representation from
unpaired speech and text features; see the blue and green lines in Figure 5.1 and the
following equation. The authors try different dissimilarity measurements such as ad-
versarial loss (Goodfellow et al., 2014), Gaussian KL-divergence (Kullback, 1959), and
Maximum Mean Discrepancy (MMD) (Gretton et al., 2012) for the inter-domain loss.
We choose the one with the best result (i.e., MMD) for the baseline.

Ldom = DMMD
x,y∈U

(I ′speech, I
′
text) = DMMD

x,y∈U
(e(x), ê(g(y))) (5.1)

where DMMD is MMD to measure the disimilarity between distributions. The MMD is
defined by a feature map φ :→ H, where φ is what’s called a reproducing kernel Hilbert
space (Gretton et al., 2012). The definition is as follows,

DMMD(I ′speech, I
′
hypo) = ‖Ej ∼ I ′speech[φ(j)]− Ek∼I′hypo [φ(k)]‖

H
(5.2)

The text-to-text autoencoder loss measures a negative log-likelihood that the
encoder-decoder network can reconstruct text from unpaired text (Karita et al., 2019;
Hinton and Salakhutdinov, 2006), see the green loop in Figure 5.1, and the equation is
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as follows,
Ltext = −

∑
y∈U

logP (y|d(ê(g(y)))) (5.3)

Therefore, the unsupervised objective function is the combination of the inter-domain
loss and text-to-text autoencoder loss using tunable speech-to-text ratio β shown as
follows (Karita et al., 2019),

Lunpair = βLdom + (1− β)Ltext (5.4)

The inter-domain loss for speech-to-text task plays a difficult role due to the large
difference between the speech and text domains; therefore, the full objective function
consists of supervised objective Lpair = LMTL (Equation 2.38) and Lunpair as follows
(Karita et al., 2019),

Lsemi = αLpair + (1− α)Lunpair (5.5)

where α is a tunable parameter to adjust the importance between speech and text.

5.1.2 CycleGAN for inter-domain representation

latent representation I’

Text 
EMBB.

CTC 

hypothesis Y

     Speech X                  text Y

 Shared encoder

encoder

Decoder

g: Y → I

ê: I → I’

e: X → I’

d: I’ → Y

F: I’ → I

G: I → I’

Figure 5.2: The semi-supervised E2E ASR learns two mappings (one is another’s inverse
mapping) as in CycleGAN.
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Text 
EMBB.

CTC 

hypothesis

cycle 
-consistency
inter-domain 

loss

      speech                     text 

 Shared encoder

encoder

Decoder

Figure 5.3: The illustration of our proposed cycle-consistency inter-domain loss.

CycleGAN exploits adversarial loss, cycle consistency loss, and identity mapping loss
to learn two mappings on unpaired data (Zhu et al., 2017). In Figure 5.2, the semi-
supervised E2E ASR also learns two mappings G : I → I ′ and F : I ′ → I, where G is the
shared encoder ê. The inverse mapping is the composition of decoder and text embedding
F = d◦g. Because the representation plays a key success of unsupervised ASR (Baevski
et al., 2024), we aim at improving the inter-domain representation by leveraging the cycle
consistency loss and the identity mapping loss in CycleGAN. First, we suspect that the
original inter-domain loss might introduce errors to the shared encoder because it tries
to minimize the dissimilarity between the inter-domain representation from unpaired
speech and text, which contains different semantics; therefore, we propose to improve
the inter-domain loss by adopting the idea of cycle consistency loss. Figure 5.3 shows
how we fuse the cycle consistency loss to the inter-domain loss by computing the distance
between inter-domain representation from speech (blue line) and its hypotheses (green
line), the cycle-consistency inter-domain loss is adapted from Equation 5.1 to,

Lcyc−dom = DMMD
x,y∈U

(I ′speech, I
′
hypo) = D(e(x), ê(g(d(e(x))))) (5.6)

The identity mapping loss encourages the model to retain their identity after
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Text 
EMBB.

CTC 

     speech

 Shared encoder

encoder

Decoder
the identity 

mapping loss

}

Figure 5.4: The illustration of the identity mapping loss with speech as input.

Text 
EMBB.

CTC 

                                      text 

 Shared encoder

encoder

Decoder
the identity 

mapping loss

}

Figure 5.5: The illustration of the identity mapping loss with text as input.
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translation (Zhu et al., 2017). To make the shared encoder ê able to preserve impor-
tant features after translation, the identity mapping loss for this work is adapted from
Equation 2.53 to,

Lidentity(G,F ) = E
j∼I′speech

[||G(j)− j||1] + E
k∼I′hypo

[||F (k)− k||1] (5.7)

The corresponding illustration is shown in Figure 5.4 and Figure 5.5.
The proposed unsupervised objective function combines the cycle-consistency

inter-domain loss, the identity mapping loss, and text-to-text autoencoder loss with
speech-to-text ratio. The Lunpair in Equation 5.4 is adapted to,

Lunpair = βLcyc−dom + +Lidentity + (1− β)Ltext (5.8)

Model objective function

Initial L = LMTL Equation 2.38
Baseline Lsemi = αLpair + (1− α)Lunpair Equation 5.5

Lunpair = βLdom + (1− β)Ltext Equation 5.5,
Equation 5.4

IDT Lsemi = αLpair + (1− α)Lunpair Equation 5.5,

Lunpair = Lidentity Equation 5.7

CYC-DOM+TT Lsemi = αLpair + (1− α)Lunpair Equation 5.5,

Lunpair = βLcyc−dom + (1− β)Ltext Equation 5.6,
Equation 5.3

CYC-DOM+IDT+TT Lsemi = αLpair + (1− α)Lunpair Equation 5.5,
Lunpair = βLcyc−dom + Lidentity + (1− β)Ltext Equation 5.8

Table 5.2: The description of proposed objective functions.

5.1.3 Experimental setup

5.1.3.1 Dataset and hyperparameters

We use Espnet1 (Watanabe et al., 2018), which is joint CTC-attention MTL frame-
work (Subsection 2.2.2), to build E2E ASR. We evaluate our method on two English
datasets: WSJ and Librispeech (Subsection 2.1.3). We train the models using the Es-
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pnet1 WSJ recipe, three layers VGG bidirectional long short-term memory with pro-
jection (VGG-BLSTMP) encoder with 1024 units and projections. The location-based
attention-decoder is one layer of long short-term memory (LSTM) with 1024 units. The
model for Librispeech is five layers VGG-BLSTMP encoder with 1024 units and projec-
tions and two layers location based attention-decoder, and the one for VoxForge is two
layers VGG-BLSTMP encoder with 320 units and projections and one layer location-
based attention-decoder with 320 units. The text embedding encodes the label, over
Y = {a, b, ...}, to a one-hot vector and processes it by one layer BLSTM. Note that we
do not use the subword technique in this work. The shared encoder is the last layer of
the encoder. The input acoustic feature is an 80-bin log Mel-filterbank with three pitch
coefficients. The optimizer is adadelta, and the batch size is 30. We used a beam search
algorithm with a beam size of 20 for decoding. The supervise loss ratio α in Equation 5.5
is 0.5 because it achieves the best result (Karita et al., 2019).

5.1.3.2 Training pipeline

The pipeline consists of four stages: data preparation, initial model training, language
model training, model re-training, and evaluation. The detailed descriptions for each
stage are as follows:

• Data preparation: This stage converts the speech waveform to acoustic features
(e.g., log Mel-filterbank) and stores the corresponding label sequences in JSON
format.

• Initial model training: The initial model is trained by joint CTC-attention MTL
Equation 2.38 with the paired speech-text data.

• Language model training: We train RNNLM with mixed in-domain and unpaired
text.

• Model re-training: The initial model is re-trained by Equation 5.5 with the paired
speech-text data and a more extensive unpaired speech-text data.

• Evaluation: The re-trained model decodes without or with RNNLM using SF in
the evaluation set.

Note that we explore different Lunpair shown in Table 5.2 to investigate the effect on the
ASR performance.
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5.1.4 Result and discussion

5.1.4.1 Impact of using CycleGAN for inter-domain representation

Figure 5.6 shows CER on the WSJ eval92 while speech-to-text (β) varies. We compare
baseline, IDT, CYC-DOM+TT, and CYC-DOM+IDT+TT models. The CERs from
the initial model (14.8%) and oracle (4.3%), which are trained on the entire data in
a supervised manner, are the upper bound and lower bound for re-trained models, re-
spectively. The experimental result shows that the IDT model has better CER than the
baseline, and its performance does not fluctuate over the speech-to-text ratio. That is to
say, the identity mapping loss helps the model to achieve outstanding performance when
training on speech, text, or both. The result also shows that the CYC-DOM+TT model
achieves the best CER at β = 0.4 and performs better than the baseline all the time
except at β = 0. Besides, CYC-DOM+TT outperforms baseline at β = 1, which implies
that the encoder using our proposed cycle-consistency inter-domain loss generates better
embedding than the one using inter-domain. Finally, the CYC-DOM+IDT+TT, which
combines the identity mapping loss, the cycle-consistency inter-domain loss, and text-to-
text autoencoder loss, have advantages from both losses and achieves good performance
while β varies.

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

13

14

15

Speech-to-text ratio β

C
E

R
%

CYC-DOM+TT
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CYC-DOM+IDT+TT
Baseline

Initial model

Figure 5.6: The CER on the WSJ eval92 versus the speech-to-text ratio.
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5.1.4.2 Character and word error rate across datasets

Table 5.3 and Table 5.4 show the CER/ WER on the WSJ evaluation and the LibriSpeech
test set, respectively. Note that the RNNLM is character-based and only trained on the
unpaired text. The unpaired data contains only text, only speech, and both by setting
the speech-to-text ratio to 0, 1, and 0.6, respectively.

Table 5.3 shows that CYC-DOM+IDT+TT outperforms baseline whether the un-
paired data contains only text, speech, or both. With unpaired speech and text data,
it achieves 8% character error rate reduction (CERR) (6.8% WERR) as compared to
baseline, improves the initial models by 18.4% CERR (15.4% WERR); besides, with
RNNLM, CYC-DOM+IDT+TT outperforms baseline by 7.2% CERR (3.9% WERR)
and improves the initial model by 20% CERR (15.8% WERR). The same positive re-
sults are observed on the Librispeech dataset in Table 5.4. The CYC-DOM+IDT+TT
outperforms baseline by at most by 4.9% CERR (4.6% WERR) and the initial model by
7.4 % CERR (6% WERR). With RNNLM, our approach outperforms baseline by 3%
CERR (2.6% WERR) and improves the initial models by 6% CERR (5.9% WERR).

Table 5.5 shows the CER on the evaluation sets for Italian, Dutch, German, and French
in VoxForge. We constrain the paired data to be at least one-third of the entire set (i.e.,
five to ten hours) because we want 1) the initial model has acceptable performance
and 2) the split is aligned with the previous setting (WSJ and Librispeech uses 20% ∼
30% of the entire data for paired data). The result shows that CYC-DOM+IDT+TT
outperforms baseline, achieving noticeable CERR on four languages containing minimal
paired data.

5.1.4.3 The number of layers in the shared encoder

Table 5.6 shows the CER on the WSJ eval92 when increasing the number of layers in
the shared encoder. When the unpaired data contains only text, increasing the number
of layers has CER degradation. It might be due to over-fitting because text contains
less information than speech (speaker characteristic, prosody), so it does not require a
complicated network to model it. As expected, the CERs get noticeably improved when
the unpaired data contains either only speech or both speech and text data because
the inter-domain representation requires a relatively complicated network to model it,
which explains why increasing the number of layers in the shared encoder helps model
performance.
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Model unpaired data LM eval92
CER% WER%

Oracle - N 4.3 14.1
Initial model - N 14.8 42.6
Oracle - Y 2.3 4.9
Initial model - Y 8.3 17.6

Baseline text N 13.1 38.3
CYC-DOM+IDT+TT text N 12.4 36.9
Baseline text Y 7.3 15.8
CYC-DOM+IDT+TT text Y 7.1 15.4

Baseline speech N 13.5 39.0
CYC-DOM+IDT+TT speech N 12.7 37.5
Baseline speech Y 7.3 16.7
CYC-DOM+IDT+TT speech Y 7.0 15.1

Baseline both N 13.5 39.6
CYC-DOM+IDT+TT both N 12.5 36.9
Baseline both Y 7.4 15.8
CYC-DOM+IDT+TT both Y 6.9 15.2

Table 5.3: The CER/WER comparison between models with or without LM on the WSJ
test set.
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Model unpaired data LM test_clean
CER% WER%

Oracle - N 3.9 11.0
Initial model - N 8.7 22.7
Oracle - Y 3.5 8.9
Initial model - Y 7.0 16.1

Baseline text N 8.5 22.4
CYC-DOM+IDT+TT text N 8.3 21.7
Baseline text Y 6.8 15.8
CYC-DOM+IDT+TT text Y 6.7 15.6

Baseline speech N 8.5 22.3
CYC-DOM+IDT+TT speech N 8.1 21.2
Baseline speech Y 6.7 15.6
CYC-DOM+IDT+TT speech Y 6.7 15.5

Baseline both N 8.5 22.4
CYC-DOM+IDT+TT both N 8.1 21.4
Baseline both Y 6.8 15.6
CYC-DOM+IDT+TT both Y 6.6 15.2

Table 5.4: The CER/WER comparison between models with or without LM on the
LibriSpeech clean test set.

Model Italian Dutch German French
CER%

Oracle 12.9 25.2 5.6 30.8
Initial model 29.4 35 20.3 53.3
Baseline 22.1 33.7 20.2 47.9
CYC-DOM+IDT+TT 19.7 32.8 19.4 41.4

Table 5.5: The CER comparison between models on the VoxForge test sets.

# layers eval92
shared encoder text speech both

CER%

1 12.6 12.7 12.8
3 12.8 12.6 12.5
4 13.2 12.6 12.2

Table 5.6: The CER comparison between models containing different numbers of layers
in the shared encoder on the WSJ evaluation set.
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5.1.5 Analysis

5.1.5.1 Recognition output

Table 5.7 shows the WER, insertion, deletion, and substitution on WSJ eval92 set.
The result shows that IDT reduces insertions significantly by mitigating the problem
of recognizing /sil/ as a character or predicting word boundary wrongly in baseline,
see Table 5.8. CYC-DOM+IDT+TT improves substitution significantly and insertions.
We observe that CYC-DOM+IDT+TT has better contextual relations and acoustic
frame-to-character mapping. For instance, it predicts “trend” correctly, while the base-
line predicts “trand”, and “received” versus “reseived”, “strength” versus “streinth”, and
“department” versus “atpartment”.

Model eval92
WER% INS DEL SUB

Baseline 13.5 5.2 2.8 31.9
IDT 12.7 4.7 2.9 30.6
CYC-DOM+TT 13.1 5.1 2.8 30.7
CYC-DOM+IDT+TT 12.9 5.0 2.8 29.3

Table 5.7: The WER, insertion, deletion, and substitution comparison between models
without LM on the WSJ evaluation set.

Model words in hypotheses

Ground-truth departed commodore /sil/ making trend
Baseline the parted commod or a make at trand
IDT departed commodare /sil/ making trend
CYC-DOM+IDT+TT the parted commodare /sil/ makean trend

Table 5.8: The cherry-picked words in models’ hypotheses.

5.1.5.2 t-SNE visualization of inter-domain representation

We apply a dimensional reduction to the two-dimensional plane using t-distributed
stochastic neighbor embedding (t-SNE) (van der Maaten and Hinton, 2008). Figure 5.7
shows the inter-domain embedding from speech and text. Our proposed models show
better regularization for speech and text than baseline because the nodes (representa-
tions) are more mixed. Besides, the representations from the text are the subset of
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the ones from speech, which matches what we observed in Subsubsection 5.1.4.3: text
features contain less information than speech.

(a) Baseline (b) IDT

(c) CYC-DOM+TT (d) CYC-DOM+IDT+TT

Figure 5.7: t-SNE visualization of inter-domain representations from speech (blue dots)
and its hypotheses (orange dots).

5.1.6 Conclusion

In this study, we propose a novel method, which combines CycleGAN losses and inter-
domain losses for semi-supervised E2E ASR, and show its effectiveness on the WSJ,
LibriSpeech and VoxForge datasets. Our proposed method effectively utilizes advan-
tages from both CycleGAN and inter-domain loss. Overall, our method improves the
baseline by 8% CERR (6.8% WERR) on the WSJ eval92, 4.9% CERR (4.6% WERR) on
LibriSpeech test set, and averagely 8.5% CERR on VoxForge four European languages
test set in a semi-supervised setting. In future work, we plan to improve our method by
automatical speech-to-text ratio tuning and extend it for fully unsupervised E2E ASR.
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5.2 Semi-supervised end-to-end automatic speech

recognition for low-resource languages

Semi-supervised E2E ASR has been widely studied. Two prominent approaches in-
clude consistency-based and iterative self-training-based methods. The consistency-
based method focuses on enhancing the model by improving the representation of input
through training a separate task (Tjandra et al., 2017; Hayashi et al., 2018; Renduch-
intala et al., 2018; Karita et al., 2019; Hori et al., 2018; Hsu and Glass, 2018; Chung
and Glass, 2018; Chorowski et al., 2019; Schneider et al., 2019; Baevski et al., 2019;
Ling et al., 2020). The iterative self-training technique utilizes augmentation to im-
prove the overall network performance (Zavaliagkos and Colthurst, 1998; Novotney and
R.Schwartz, 1998; Thomas et al., 2013; Li et al., 2019; Kahn et al., 2020; Synnaeve et al.,
2019; Parthasarathi and Strom, 2019; Hsu et al., 2020). Among the various techniques,
a widely recognized approach called NST has emerged. NST is an iterative self-training
method that leverages unlabeled data to enhance accuracy, particularly in image classi-
fication and machine translation (Xie et al., 2020). Park et al. adapted and improved
NST by employing techniques such as SpecAugment (Park et al., 2019, 2020a) and in-
corporating SF with a LM into the teacher network. Additionally, they introduced a
normalized filtering score that aids in generating enhanced transcripts for training the
student network (Park et al., 2020b). The results demonstrate significant performance
on Librispeech (Panayotov et al., 2015) and LibriLight (Kahn et al., 2019).

Although NST is simple and effective, it depends on a substantial quantity of paired
data to train a teacher model, which is used for labeling the unlabeled speech data that
the student model could train on. For low-resource language, the paired data is expen-
sive. Some techniques can be explored to address this limitation. One approach is to
leverage pre-trained models, such as wav2vec (Schneider et al., 2019), which leverages
transfer learning to learn contextual representations from a large corpus of unlabeled
speech data. The model can then be fine-tuned for the target domain using unlabeled
speech data from the same target domain. However, this approach still requires a reason-
able quantity of speech data, which is still expensive in low-resource scenarios. Besides,
this technique requires multi-stage tuning processing, which introduces computational
costs. Improving the teacher model in NST with less effort remains a crucial challenge,
especially in a language with very little data.

Our previous work “CycleGAN and inter-domain losses” (Section 5.1), which extracts
the intermediate representation of speech and text using a shared encoder (Li and Vu,
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2022). The model learns common representation from the text and the speech, implying
that text could be used as speech data to improve the model, not just benefit the
LM. Therefore, we propose leveraging the CycleGAN-inter-domain training pipeline to
enhance the teacher model solely using a large amount of external text. Subsequently,
the improved teacher model generates better labels for the unlabeled speech, which
the student model can train on. The experimental results demonstrate a significant
improvement in the teacher model, with a 20% WERR compared to the teacher model
in NST.

In this section, we make several contributions in the following areas: 1) We observe
that training the model by CycleGAN-inter-domain losses (Li and Vu, 2022) with lots
of external text significantly boosts performance (Subsection 5.2.1); 2) We enhance
CycleGAN-inter-domain losses by incorporating automatic hyperparameter tuning (Sub-
section 5.2.2); 3) We improve the NST training pipeline for low-resource scenarios by
leveraging the CycleGAN-inter-domain losses to enhance the teacher model (Subsec-
tion 5.2.3); 4) We evaluate our method on six languages from VoxForge (MacLean,
2018) and Common Voice (Ardila et al., 2020) (Subsection 5.2.4 & Subsection 5.2.5);
5) We provide an analysis of the ASR output (Subsection 5.2.6). The results demon-
strate that our proposed approach achieves a 20% WER compared to the baseline (NST
approach) teacher model and a 10% WER compared to the baseline student model for
most languages. Notably, these improvements are accomplished without the need for
additional speech data.

For the sake of simplicity, throughout the rest of this paper, we will sometimes use
the term “CID” to refer to our previous work “CycleGAN-inter-domain” approach. Fur-
thermore, our proposed NST pipeline designed for low-resource settings as described in
Subsection 5.2.3 will be denoted as “cNST”. Additionally, we will use the term “unpaired
data” to refer to the unlabeled speech and external text.

5.2.1 CID model solely with external text

As noted in Section 5.1, the model learns knowledge via unsupervised objective on
the unpaired speech-text data. However, for most 7,000 languages, the text is more
accessible than speech, especially for low-resource languages. Although the model can
accept speech and text input based on the architecture in Figure 5.1, using only text for
unsupervised objectives has yet to be examined. Therefore, we investigate the model
performance with varying amounts of external text. Table 5.9 presents the results,
where the small portion of supervised data is from the VoxForge German train set and
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the external text is from the Leipzig German corpus, which consists of annual collections
of documents from various sources such as wikis, news, and the web (Goldhahn et al.,
2012). Note that the initial model is trained by supervised objective in Equation 2.38
with five-hour Voxforg German train data, and the CID is trained with same five-hour
Voxforg German train data and external text from Leipzig corpus (Goldhahn et al.,
2012) via semi-supervised objective in Equation 5.5 and Equation 5.8. The results
demonstrate that only external text for unsupervised objectives can improve model
performance. Besides, the model is enhanced more when more external text is added.
The model trained with 300,000 lines of external text achieves the best WER 30.8%,
while evaluated without a LM. With a LM trained with the exact external text, the
WER drops to 29.1%. This finding highlights that text data is helpful for the LM and
encoder-decoder model when training through the CID approach.

Model paired data unpaired text LM German test
(hours) (#lines) WER%

Initial 5 0 N 63.6
Initial 5 0 Y 63.1

CID 5 10K N 38.6
5 10K Y 36.3
5 100K N 31.2
5 100K Y 29.4
5 300K N 30.8
5 300K Y 29.1

Table 5.9: The WER comparison between models with or without LM on the Voxforg
German test set.

5.2.2 Enhanced CID by incorporating automatic hyperparameter

tuning

Although the CID model achieves a significant reduction in character error rate (CERR)
across English datasets, WSJ and Librispeech, as well as low supervision non-English
datasets (VoxForge) (Li and Vu, 2022), it requires effort to tune the two hyperparame-
ters, the supervised ratio α and the speech-to-text ratio β, for each dataset. To stream-
line the training pipeline, we propose using rate decay for the supervised ratio and
considering the unsupervised loss with all the possible values for the speech-to-text ratio
during the training. The details are as follows: Firstly, we suggest that the model obtains

102



5.2 Semi-supervised end-to-end automatic speech recognition for low-resource languages

lots of guidance from the supervision data at the early stages of training. Therefore,
α starts at 0.9 for the first three epochs and gradually decays after three epochs until
the training is completed. This mechanism enables the model to explore the unpaired
data with increased flexibility. Secondly, we integrate the speech-to-text ratio into the
training process; we propose to use minimal, maximal, average, or median operations on
the unsupervised losses with β from 0.0 to 1.0. Table 5.10 shows our proposed adapted
unsupervised losses and the corresponding CERs on the Common Voice Finnish test set.
This table reveals that using minimal on the unsupervised losses with β from 0.0 to 1.0
outperforms other operations and baseline (hyperparameter tuning). The best model is
trained by CID with the supervised ratio decays and minimal operations on the unsuper-
vised losses over β. Figure 5.8, Figure 5.9 and Figure 5.10 present the training loss and
the corresponding model accuracy of baseline and models trained by our adapted objec-
tive in Table 5.10. The model using minimal operation on unsupervised loss performs
stable and improved accuracy during the training. In contrast, the baseline and other
models using maximum, average, and median operations produce mismatched training
loss, validated loss, and fluctuating model accuracy during training. These figures res-
onated with the result from the Table 5.10, the model trained by Equation 5.5 using
supervised ratio decay and performing a minimal operation on unsupervised objective
(Equation 5.8) achieves the best performance.

Model α unsupervised objective Finnish test
CER%

Baseline 0.5 Equation 5.8 46.9
MIN-UNPAIR 0.5 minβ∈{0,0.1,0.2,...,1.0} Lunpair 30.6
MAX-UNPAIR 0.5 maxβ∈{0,0.1,0.2,...,1.0} Lunpair 39.5
AVG-UNPAIR 0.5 Lunpair 50.6
MED-UNPAIR 0.5 Median(Lunpair) 50.4

DECAY-MIN-UNPAIR decay minβ∈{0,0.1,0.2,...,1.0} Lunpair 29.6
DECAY-MAX-UNPAIR decay maxβ∈{0,0.1,0.2,...,1.0} Lunpair 44.1
DECAY-AVG-UNPAIR decay Lunpair 46.6
DECAY-MED-UNPAIR decay Median(Lunpair) 30.3

Table 5.10: This CER comparison between models with or without (1) the supervised
ratio decay and (2) automatical speech-to-text ratio tuning on the Common
Voice Finnish test set.
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(a) baseline model training loss (b) baseline model accuracy

Figure 5.8: The baseline’s training loss (left) and the accuracy (right).

5.2.3 Noisy student training with CID for low-resource setting

NST for speech recognition is effective when there is sufficient paired data and unlabeled
speech-text to train the teacher and student model. However, the paired data and
unlabeled speech are often limited in a low-resource setting. A teacher model, which is
trained with limited paired data, generates low-quality labels for unlabeled speech; the
training for the student model can be severely affected, resulting in inefficient training.

We aim to improve the teacher model with little effort and less cost regarding time
and finances. Subsection 5.2.1 demonstrates that the model can enhanced by the CID
approach solely with external text. Therefore, we propose to exploit the enhanced CID
approach (Subsection 5.2.2) and external text to improve the teacher model. A LM is
also trained with the in-domain and external text {Y, Y ′}. The NST algorithm is revised
as follows:

1. Train M0 on S using SpecAugment.

2. Train M1 on S and Y ′ by enhanced CID (Section 2.3) and using SpecAug-
ment. Set M = M1.

3. Fuse M with LM and measure performance.

4. Generate labelled dataset M(X ′) with fused model.

5. Mix dataset M(X ′) and S. Use mixed dataset to train new model M ′ with
SpecAugment.

6. Set M = M ′ and go to 3.
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(a) MIN-UNPAIR model training loss (b) MIN-UNPAIR model accuracy

(c) MAX-UNPAIR model training loss (d) MAX-UNPAIR model accuracy

(e) AVG-UNPAIR model training loss (f) AVG-UNPAIR model accuracy

(g) MED-UNPAIR model training loss (h) MED-UNPAIR model accuracy

Figure 5.9: The models’ training loss (left) and the accuracy (right) using automatical
speech-to-text ratio tuning.
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(a) DECAY-MIN-UNPAIR
model training loss

(b) DECAY-MIN-UNPAIR
model accuracy

(c) DECAY-MAX-UNPAIR
model training loss

(d) DECAY-MAX-UNPAIR
model accuracy

(e) DECAY-AVG-UNPAIR
model training loss

(f) DECAY-AVG-UNPAIR
model accuracy

(g) DECAY-MED-UNPAIR
model training loss

(h) DECAY-MED-UNPAIR
model accuracy

Figure 5.10: The models’ training loss and accuracy using supervised ratio decay and
automatical speech-to-text ratio tuning.
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The initial model (M0) is trained with the paired data S, and we further enhance it
in stage 2 using the enhanced CID approach with external text. The improved teacher
model is then fused with a LM to generate labels for the unlabeled speech. Subsequently,
the student model is iteratively trained with the paired and newly labeled speech data
by the supervised objective. Besides, we simplify the training recipe, making it easily
applicable to all languages without sophisticated filtering and balancing techniques men-
tioned in (Park et al., 2020b). Furthermore, especially when working with small data,
it is better to utilize the available data wisely rather than removing any of it.

5.2.4 Experimental setup

We evaluate our approach on non-English low-resource datasets: Common Voice and
VoxForge, elaborated in detail in Subsection 2.1.3. The semi-supervised E2E model
trained by new CID (Subsection 5.2.2) is implemented under Espnet1 (Watanabe et al.,
2018). The model consists of three layers of VGG-BLSTMP encoder and attention-
based decoder, one layer of long short-term memory (LSTM) with 320 units. The text
embedding g(.) encodes the labels over {Y, Y ′} to an one-hot vector and processes it
by one layer BLSTM. Byte pair encoding (BPE) (Gage, 1994; Sennrich et al., 2016) is
used for some languages, some have better performance without using BPE. The input
acoustic feature is an 80-bin log Mel-filterbank with three pitch coefficients. We use a
beam search algorithm with a beam size of 20 for decoding.

5.2.5 Result and discussion

5.2.5.1 Word error rate against model generation

Figure 5.11 and Figure 5.12 show WER on the Common Voice (Finnish and Greek) test
set against model generations. We trained the models using our proposed algorithm
cNST in Subsection 5.2.3 and evaluated the teacher model and all the student models
at different stages. Based on the observed trend in model performance, it is evident
that the line with squares (cNST) demonstrates a steeper progression compared to the
line with stars (NST) from M0 to M1. This finding suggests that CID plays a crucial
role in accelerating the iterative training process and achieving better results across all
the model generations. Besides, both lines fluctuate over the generations because the
models are over-fitting on the train sets. The over-fitting problem does not hurt when
the unlabeled speech has the same domain or distribution as the one in the train set.
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Figure 5.11: WER on the Common Voice Finnish test set against model generations.
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Figure 5.12: WER on the Common Voice Greek test set against model generations.
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5.2.5.2 cNST effectiveness across corpus

Table 5.11 presents the performance of our proposed method, cNST, across various
corpora. We examine the baseline (NST) and our proposed cNST on VoxForge German,
Italian, Dutch, Common Voice Hungary, Finnish, and Greek datasets. The result shows
that cNST outperforms the baseline, with the best model achieving a minimum of 10%
WERR. Moreover, when the initial model performs poorly (above 70% WER), our
proposed cNST successfully reduces the WER to 40∼50%, indicating the effectiveness
of our method across different corpora and languages.

Model VoxForge Common Voice
German Italien Dutch Hungary Finnish Greek

WER%

Initial (M0) 63.1 71.2 63.1 84.8 77.4 63.2
Baseline 49.7 47.1 58.2 72.0 55.1 34.0
cNST 27.3 42.0 56.3 58.6 48.4 29.4
(baseline-cNST)/NST 45.1 10.8 3.26 18.6 12.7 13.5

Table 5.11: The WER comparison between models on different corpus

5.2.6 Analysis

5.2.6.1 Recognition output

We want to gain insights and the reasons for the improvements by CID. Table 5.12
presents the substitution, deletion, insertion and WER on the test set of VoxForge Ger-
man. The initial model experiences many deletion errors propagated to the subsequent
student models in the baseline (NST). However, with CID (Li and Vu, 2022), the dele-
tion errors decrease from 20.6 to 4.0. On the other hand, there is a side effect as the
insertion errors increase from 1.8 to 3.3. Overall, the subsequent student models of our
proposed method (cNST) achieve the best WER and better substitution and deletion.

5.2.6.2 Cherry-picked hypotheses

Some cherry-picked examples in Table 5.13 demonstrate that the initial model and the
baseline experience high deletion errors. However, the baseline exhibits a further wors-
ening of these errors as the student model undergoes iterative training using labels that
contain such errors. This observation resonates with the findings in Table 5.12: The
baseline deletion rate is higher than in the initial model. Both the CID model and
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5 Semi-supervised end-to-end automatic speech recognition

Models German test
WER% INS DEL SUB

Initial 63.1 1.8 20.6 40.7
Baseline 49.7 1.0 21.0 27.9
Enhanced CID 29.4 3.3 4.0 22.0
cNST 27.3 3.2 3.6 20.5

Table 5.12: The WER, insertion, deletion, and substitution of models on the VoxForge
German test set.

our proposed cNST successfully reduce deletion errors. However, there is still room for
improvement regarding substitution and insertion errors. Interestingly, In the last exam-
ple, combining both insertion words “WEITER GELEITET” to “WEITERGELEITET”
aligns with the correct word in the reference. The insertion issue can be attributed to
inaccurate word boundary predictions from our proposed models.

5.2.7 Conclusion

This work proposes an improved framework for noisy student training that leverages
the CID approach (Li and Vu, 2022) in low-resource settings. CID accelerates the
iterative self-training process by utilizing much external text. The results demonstrate
the effectiveness of our proposed method cNST across six non-English languages from
two datasets, surpassing the baseline by 10% WER. We intend to extend this approach
to unsupervised E2E ASR.
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6 Conclusion and future work

In this thesis, we aim to overcome the major obstacle in ASR “labeled data scarcity”
using CycleGAN and contribute to (i) noise-robust ASR, (ii) Mandarin-English CS ASR,
and (iii) semi-supervised E2E ASR. This final chapter reviews our contributions and
discusses the next steps for future work.

Noise-robust automatic speech recognition. In Chapter 3, we address (i) noise-
robust acoustic modeling and (ii) single-channel speech enhancement.

For (i) noise-robust acoustic modeling, we propose DenseNet and its extension “DenseNet
with domain adversarial learning”, and we evaluate the effectiveness of the proposed
method on our self-develop noise corrupted RM and Aurora4 benchmark dataset. DenseNet
is a deep, compact convolutional neural network, which has demonstrated outperforming
other neural-based models such as DNN, CNN, and VGGs on RM and WSJ datasets
in our prior work (Li and Vu, 2018). Domain adversarial learning is an unsupervised
domain adaptation in natural language processing (Ganin et al., 2016). It has been
integrated with DNN for noise robust speech recognition successfully (Shinohara, 2016;
Denisov et al., 2018). Our proposed model is inspired by the findings from prior works
and knowing that DenseNet has the characteristic of noise-robust structure (i.e., deep
convolutional layers (Simonyan and Zisserman, 2015)). The experimental results con-
clude that the performance of DenseNet is relatively stable compared to baseline neural
networks when the background noise becomes louder, even when the background noise
is unseen in the training, and applying domain adversarial learning improves the perfor-
mance of DenseNet and model generalization.

Although the result backs our hypothesis: Densenet is more noise-robust as compared
to other neural networks (i.e., DNN, CNN and the state-of-the-art TDNN), the training
time of DenseNet is longer than other neural networks’ training time due to the struc-
ture of deep convolutional layers. Moreover, the model size of DenseNet is also bigger
than DNN, CNN, and TDNN. With these disadvantages, training and performing this
model could only work on machines with specific resource requirements. Besides, we
only examine the method on the simulated noise-corrupted dataset, where the noise is
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6 Conclusion and future work

constantly added to the clean speech. In reality, the background noise is non-stationary.
Therefore, we suggest that there are two future directions: First, optimize the structure
of DenseNet to improve the training time and model size without sacrificing the advan-
tage of DenseNet, i.e., the capability of noise-robustness and easing the vanish gradient
problem; Second, investigate on the performance of the DenseNet, and it’s extension
with domain adversarial learning on real noise dataset such as CHiME3 to push our
proposed method close to the real-life scenario.

For (ii) single-channel speech enhancement, we propose a novel approach “multi-
discriminator CycleGAN” for feature mapping, a network that directly transforms noisy
features into clean ones. Inspired by generative multi-adversarial networks, a framework
that extends GANs to multiple discriminators (Durugkar et al., 2016; Hosseini-Asl et al.,
2018), we adapt this framework to enhance speech signals by canceling background noise.
We also designed three architectures based on our proposed multi-discriminator Cycle-
GAN. We evaluated them on CHiME3 real noisy speech data recorded in boisterous
environments (on a bus, cafe, pedestrian area, and street junction). The main difference
between the three architectures is whether they contain multiple generators, which map
noisy feature vectors to clean ones. The experimental results show that multiple gener-
ators trained with well-splitting subsets are better than one trained with all the data.
Besides, the models with multiple discriminators achieve 14.09%

In the experiment, our proposed architecture containing eight multi-discriminator
CycleGANs performed the best compared to the architecture having one or two multi-
discriminator CycleGANs. However, each multi-discriminator CycleGAN must be trained
on a well-splitting train set subset consisting of only one type of noise and one gender.
Our method cannot be scalable, which is the biggest drawback. In reality, there are
various noises, and it is impossible to collect all the noise and use many generators to
learn each. Besides, the CHiME3 dataset only contains four noise types, and the train,
development, and evaluation sets cover the four noise types. In other words, we have not
examined our method on many noises or unseen noise data. Therefore, future work is
needed to improve the current architecture to be scalable, more precisely, without pre-
processing the training data (i.e., splitting the data) and investigating the effectiveness
and performance of our method on many noise datasets.

Mandarin-English code-switching automatic speech recognition. In Chap-
ter 4, we contribute on (iii) the ASR for Mandarin-English CS and (iv) Mandarin-English
CS data augmentation.

To establish (c) the ASR for Mandarin-English CS, we first analyze several subprob-
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lems of Mandarin-English CS speech based on the SEAME dataset to the E2E ASR
framework and provide solutions to each subproblem. We explore different combina-
tions of the proposed solutions to reach optimal ASR performance. The experimental
results reveal that each solution gradually improves the MER, except some solutions
cancel out each other’s performance (e.g., language identification and subword model-
ing), and the appropriate combination significantly improves the performance by up to
35% word error rate reduction. Our best-combined system with an external language
outperforms the baseline and the state-of-the-art hybrid TDNN-HMM model.

Our proposed E2E model outperforms the state-of-art conventional hybrid TDNN-
HMM model on the SEAME evaluation set. Still, some aspects could improve this work
in the future. First, this work investigates the issue of SEAME dataset and integrates
the corresponding knowledge into the system. We develop a system specialized to the
Mandarin-English CS language from Singapore and Malaysia; the model performance on
Mandarin-English CS coming from other areas has not yet been examined. Moreover,
the discourse particle in SEAME only happens in the speech from Singapore, which is
well-known in multi-ethnic, multi-lingual, and multi-cultural societies. Our model may
perform poorly on other countries’ Mandarin-English CS. Second, this work divides CS
into many subproblems and provides the solution to each subproblem. In other words,
this method highly depends on human analysis instead of using self-learning by a neural
network. To sum up, the future work is to improve our method toward self-learning
direction without the need to involve lots of analysis on the target dataset so that this
method can be beneficial to other CS instead of only one specific Mandarin-English CS
coming from Singapore and Malaysia.

For (iv) Mandarin-English CS data augmentation, we propose to generate CS syn-
thetic text via CycleGAN to enhance the language model and, therefore, ASR per-
formance. Our proposed framework contains the generators, one map from Mandarin
text to Mandarin-English CS text and other maps from Manadarin-English CS text
to Mandarin text; each generator comes with the corresponding discriminator for the
adversarial learning. Our baseline model is a sequence-to-sequence model trained with
the paired sentence, which is a Mandarin sentence, and the corresponding self-develop
CS sentence by replacing a certain number of words or phrases in a Mandarin sentence
with translated English words or phrases in another language using google translator.
Our experimental results show that the synthetic CS text from our model simulates the
CS behaviors in terms of different levels of mixing languages and speaking styles (e.g.,
stutter) found in the SEAME corpus. Furthermore, our experiments on SEAME show
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promising results with consistent improvements in perplexities for the language model
and MER for ASR.

Still, there are some suggestions in the future for Mandarin-English CS data aug-
mentation. First, in some cherry-pick examples, we found that our CycleGAN-based
approach self-learns the CS points and replaces the Mandarin word with an English
word with the same word class. That somehow explains why the CS synthetic text gen-
erated by our model enhances the CS language model successfully because our model
introduces creative and grammatically correct CS sentences. However, a correct syntac-
tical sentence could be nonsense. Therefore, a detailed investigation and analysis of our
model output is necessary to help us improve the current model. Second, our approach
exploits neural networks to learn the mapping from monolingual text to the CS text
solely from the data. Theoretically, our method is language-independent; therefore, it
will be interesting to know whether it practically works for other CS languages. Third,
the discriminator, which is responsible for distinguishing between actual and fake CS
text, is essential because it encourages the generator to produce close to actual CS text;
however, in the experiment, we found limited data to train the discriminator, because
usually, actual CS text is challenging to collect. Hence, overcoming the data scarcity
obstacle to improve the discriminator is another future direction.

Semi-supervised end-to-end automatic speech recognition. In Chapter 5, we
focus on (v) semi-supervised E2E ASR and (vi) semi-supervised E2E ASR for low-
resource.

For (v) semi-supervised E2E ASR, we based on the structure of joint CTC/attention
(Kim et al., 2017; Karita et al., 2019) and propose an improved unsupervised objective,
which combines cycle-consistent losses and inter-domain losses and uses the identity loss,
to enhance the shared encoder so thus to have better representation. The experimental
results on the WSJ, LibriSpeech, and Voxforge datasets prove the effectiveness of our
proposed method. Our model improves the baseline by 8% CERR (6.8% WERR) on the
WSJ eval92, 4.9% CERR (4.6% WERR) on the LibriSpeech test set, and 8.5% CERR
on Voxforge italien, dutch, german and french languages.

However, when tuning the hyperparameter speech-to-text, we found that the per-
formance fluctuates, stated in Figure 5.6, especially when only using cycle-consistency
inter-domain loss (CYC-DOM). If we only use the identity loss for the unsupervised
objective, the IDT model performance is very stable at low CER. This observation indi-
cates that our cycle-consistency inter-domain loss is sensitive to the speech-to-text ratio,
possibly due to the function’s dissimilarity measurement. Besides, there are still some
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unanswered questions about the table results. For example, in Table 5.6, when increas-
ing the layer of the shared encoder, why does the performance of the model with input
type “text” degrade while the model with input type “Both” and “speech” improves?
Why does the model trained with Librispeech slightly improve performance? To sum
up, the future directions for this work are: First, further investigating and improving the
cycle-consistency inter-domain loss to have better stability; Second, a detailed analysis
of the model behavior and output; Third, adapting our method toward an unsupervised
setting.

In (vi) a low resource scenario, semi-supervised E2E ASR becomes more challenging.
Even the simple approach NST, which has shown effective and impressive results on
Librispeech 100-360 hours semi-supervised task (Park et al., 2020b), cannot perform
well under low-resource condition. We address this problem by proposing an improved
NST framework that leverages the CycleGAN-inter-domain losses (CID) approach. We
consider a more extreme scenario: minimal unlabeled speech and lots of external text.
First, our previous CID approach works well when only external text is available. Second,
we improved the CID approach by incorporating automatic hyperparameter tuning, and
we achieved better performance without hyperparameter tuning. Finally, we add one
more step in NST framework to improve the first teacher model so it could generate good
quality labels that the student model trained on. The experimental results show that
the improved CID model accelerates the iterative self-training process by utilizing much
external text. The results demonstrate the effectiveness of our proposed method across
six non-English languages from two datasets, surpassing the baseline by 10% WER.

Still, there are some suggestions for future work. First, in Subsection 5.2.2, we pro-
pose to improve the CID approach by incorporating automatic hyperparameter tuning
using the minimal unsupervised loss with varying speech-to-text ratio, and the model
achieves better performance compared to the old one. However, why the model us-
ing minimal unsupervised loss with varying speech-to-text works better than the model
using other operations (i.e., maximal, medium, and average) is unknown. A detailed
analysis of the model learning behavior on the unpaired data will help improve the over-
all algorithm. Second, this work considers having minimal unlabeled speech and lots
of external text; however, the text is unavailable or very limited for some endangered
languages or dialects. Therefore, the future direction will be to extend this approach to
zero-shot learning for ASR.

Essential Takeaways. This thesis argues whether CycleGAN could overcome the
labeled data scarcity obstacle in ASR, thus improving the ASR performance in some
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challenging scenarios. We showed that addressing ASR task from noisy speech, CS text,
to limited paired data with many unpaired data by enhancing the ASR components (i.e.,
preprocessing, acoustic models, language models, and the training objective in encoder-
decoder framework). We explore the possibilities of leveraging the idea of CycleGAN for
different challenging conditions in ASR to enhance ASR accuracy (i.e., CER, WER or
MER) by (a) proposing DenseNet with domain adversarial learning for acoustic mod-
eling and multi-discriminators CycleGAN for denoising feature vectors, (b) exploiting
CycleGAN to generate Mandarin-English CS text for language modeling, and finally (c)
proposing a idea combining CycleGAN and inter-domain loss for semi-supervised E2E
ASR and extend it for low-resource setting.
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