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Abstract

As a result of advancement in deep learning and neural network technology, end-to-

end models have been introduced into automatic speech recognition (ASR) successfully

and achieved superior performance compared to conventional hybrid systems. End-to-

end models simplify the traditional GMM-HMM models by transcribing speech to text

directly with fast computation speed and fast development time. Transformer model, the

latest end-to-end model, has achieved a huge success not only in ASR but also in natural

language processing and computer vision. In spite of its great performance, transformer

model architecture can be further improved to better suit the characteristics of ASR.

To be more specific, ASR performance is greatly affected by the speaker mismatch

between training and test data, and speaker adaptation is a long-standing problem in

ASR. Additionally, ASR has the characteristic to have monotonic alignment between text

output and speech input. Different phonemes along an utterance may require different

level of computation due to varying complexity and noise level. How to better deploy the

transformer model for ASR remains a challenge. In this thesis, three novel architectural

changes to the transformer model are proposed for the above ASR characteristics. For

each of the proposed methods, detailed experimental evaluation is carried out to compare

the performance against the transformer baseline with analysis.

In the first study, to alleviate the performance drop in ASR due to speaker mismatch

between training and test data, we present a unified framework for speaker adaptation,

which consists of feature adaptation and model adaptation. A speaker-aware persistent

memory model is presented to capture speaker knowledge through the persistent mem-

ory in order to generalize better to unseen test speakers, which belongs to the feature

adaptation method. Furthermore, a model-based gradual pruning approach is deployed

to free up partial model encoder parameters for target speaker adaptation without sac-

rificing the original model performance. Finally, instead of only adapting to general
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speakers or specific target speaker, we design a multi-speaker adaptation model capable

of adapting to multiple speakers simultaneously, which is practical in ubiquitous environ-

ment with multiple users. Our proposed approach brings relative 2.74-6.52% word error

rate (WER) reduction on general speaker adaptation. On target speaker adaptation,

our method outperforms the baseline with up to 20.58% relative WER reduction, and

surpasses the finetuning method by up to relative 2.54%.

In the second study, we then address the text output speech input misalignment prob-

lem in transformer model which greatly affects the ASR accuracy during training and

inference. An effective cross attention biasing technique in transformer is proposed that

takes monotonic alignment between text output and speech input into consideration by

making use of cross attention weights. Specifically, a Gaussian mask is applied on cross

attention weights to limit the input speech context range locally given alignment infor-

mation. A regularizer is further introduced for alignment regularization. Experiments

on LibriSpeech dataset find that our proposed model can obtain improved output-input

alignment for ASR, and yields 14.5%-25.0% relative WER reductions.

In the final study, to resolve the problem of static number of layers in transformer

model, we present universal speech transformer. It generalizes the speech transformer

with dynamic numbers of encoder/decoder layers, which can relieve the burden of tuning

depth related hyperparameters. Universal transformer adds the depth and positional

embeddings repeatedly for each layer, which dilutes the acoustic information carried by

hidden representation, and it also performs a partial update of hidden vectors between

layers, which is less efficient especially on the very deep models. For better use of univer-

sal transformer, we modify its processing framework by removing the depth embedding

and only adding the positional embedding once at transformer encoder frontend. Fur-

thermore, to update the hidden vectors efficiently, especially on the very deep models, we

adopt a full update. Experiments on LibriSpeech, Switchboard and AISHELL-1 datasets

show that our model outperforms a baseline by 3.88%-13.7%, and surpasses other model

with less computation cost.
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Chapter 1

Introduction

1.1 Motivation

Automatic speech recognition (ASR) refers to mapping speech signals to corresponding

transcriptions automatically by machines. It has been studied for decades and the re-

search has made great progress from recognizing only ten digits initially [16] to wide

usage in many products such as Alexa and Google Assistant. The conventional meth-

ods use pipeline structure that includes acoustic model, pronunciation dictionary and

language model for ASR. More recently, end-to-end models come into stage and are po-

tential successors of conventional models. In particular, transformer model [17] performs

well and appears in most latest models in natural language processing (NLP) and speech

recognition.

Transformer model has the architecture similar to attention encoder-decoder (AED)

model [5–10], where the encoder acts like an acoustic model to encode speech features

and the decoder is responsible for generating label predictions sequentially. Transformer

model is well-known for its fast speed with parallel computation capability. With the

self-attention network, it can learn long-range dependencies in speech input as well.

Transformer model has boosted the ASR performance greatly [13].

In spite of the good performance of the transformer model, its model architecture

can be further improved to better suit the characteristics of ASR. Three concerns are

highlighted below:

1. Speaker adaptation is a long standing issue in ASR, which arises due to speaker

mismatch between training and test data [18]. ASR performance could drop drasti-
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cally should the test speaker data deviates a lot from training speaker data. This is

because the model trained on training speaker data does not adapt well on unseen

speakers.

2. Different from other NLP applications such as machine translation, ASR has the

characteristic to have monotonic alignment between text output and speech input.

Without taking this into consideration, cross attention will disperse the attention

to the entire speech utterance. This means the cross attention may not be able

to focus on the corresponding speech input aligned with the current text output,

which is both inefficient and imprecise.

3. Transformer model has static number of encoder layers, which needs careful pa-

rameter tuning to achieve the best performance. Compared with other models

such as recurent neural network, transformer model loses the recurrent inductive

bias. Moreover, the fixed number of encoder layers is unable to recognize phonemes

with different complexity and noise level dynamically.

All these characteristics of ASR prompt us to improve the transformer model archi-

tecture for ASR. Keeping above in mind, we propose three innovative changes to the

tranformer model.

1.2 Contributions

This thesis highlights three areas of contributions. The first proposed model focuses on

speaker adaptation problem in ASR. The second proposed model aims at resolving text

output speech input misalignment issue in speech transformer model. The third method

improves on the static number of encoder layers in transformer. All of them target at

improving the transformer model architecture for ASR.

1.2.1 Speaker Adaptation [1, 2]

We first focus on speaker mismatch between training and test data problem in ASR, which

could deteriorate ASR accuracy significantly [18]. A speaker-aware persistent memory

3
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model [1] is presented to capture speaker knowledge through the persistent memory in

order to generalize better to unseen test speakers, which belongs to the feature adaptation

method. Furthermore, a model-based gradual pruning approach is deployed to free up

partial model encoder parameters for target speaker adaptation without sacrificing the

original model performance [2]. Finally, instead of only adapting to general speakers or

specific target speaker, we design a multi-speaker adaptation model capable of adapting

to multiple speakers simultaneously, which is practical in ubiquitous environment with

multiple users. Our proposed approach brings relative 2.74-6.52% word error rate (WER)

reduction on general speaker adaptation. On target speaker adaptation, our method

outperforms the baseline with up to 20.58% relative WER reduction, and surpasses the

finetuning method by up to relative 2.54%. The thorough description and evaluation of

the proposed approach will be provided in Chapter 3.

1.2.2 Text Speech Alignment [3]

We next focus on the text output speech input misalignment problem in transformer

model. Speech recognition has a characteristic to have monotonic alignment between

text output and speech input. Transformer model disperses the attention over the entire

speech utterances and is not optimized from this perspective. Therefore, we propose to

make use of the monotonic alignment characteristic and improve the transformer model

for ASR [3]. Specifically, we take the highest attention score to locate the alignment

position, and apply a Gaussian mask on attention weights centered at the alignment

position. We further introduce a regularizer to encourage monotonicity. The motivation

is that this method does not reference other models and therefore is not dependent on

other models’ accuracy. Besides, it does not increase parameter size by utilizing existing

attention weights. Experiments on LibriSpeech dataset find that our proposed model

can obtain improved output-input alignment for ASR, and yields 14.5%-25.0% relative

WER reductions. The comprehensive analysis of the proposed method will be presented

in Chapter 4.
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1.2.3 Dynamic Number of Layers in Encoder and Decoder [4]

Lastly, to improve on the current architecture constrained by the static number of encoder

layers, we propose the universal speech transformer with dynamic number of encoder lay-

ers [4]. The maximum number of encoder layers is defined beforehand, but how many

layers to be used is learnt during model training, and is dynamic across different input

timesteps. It suits the needs of recognizing phonemes with different complexity and noise

level, and relieves the burden of tuning depth related hyperparameters. Universal trans-

former adds the depth and positional embeddings repeatedly for each layer, which dilutes

the acoustic information carried by hidden representation, and it also performs a partial

update of hidden vectors between layers, which is less efficient especially on the very

deep models. For better use of universal transformer, we modify its processing frame-

work by removing the depth embedding and only adding the positional embedding once

at transformer encoder frontend. Furthermore, to update the hidden vectors efficiently,

especially on the very deep models, we adopt a full update. Experiments on LibriSpeech,

Switchboard and AISHELL-1 datasets show that our model outperforms a baseline by

3.88%-13.7%, and surpasses other model with less computation cost. Chapter 5 presents

this work in full detail.

1.3 Thesis Organization

The remaining part of this thesis is organized as follows.

First, the background information of ASR systems, including the common corpora

and toolkits for ASR, and how is ASR evaluated are discussed in Chapter 2. End-to-end

models used for ASR over the years are then presented, with the analysis of each model

strengths and weaknesses. Some areas for improvement with the latest transformer model

and relevant existing works are introduced as well.

Next, a unified framework for speaker adaptation in the transformer model is proposed

in Chapter 3, which consists of feature adaptation and model adaptation. This model

is applicable for both general speaker adaptation and specific target speaker adaptation.

Moreover, the proposed system is capable of adapting to multiple speakers simultaneously

with the multi-speaker adaptation method.

5
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In Chapter 4, text output speech input misalignment problem in transformer model

is discussed. In particular, a cross attention biasing technique with misalignment regu-

larization for the transformer model is proposed. Detailed experiments are conducted to

verify its effectiveness and to compare with the baseline model.

Chapter 5 then proposes the universal speech transformer, which generalizes the

speech transformer with dynamic numbers of encoder/decoder layers, and relieves the

burden of tuning depth related hyperparameters. It suits the needs of recognizing

phonemes with different complexity and noise level.

Finally, the thesis is concluded in Chapter 6, with discussions on relevant future

directions.
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Chapter 2

End-to-end Approaches for ASR: A

Literature Review

This chapter introduces the key concepts and components of automatic speech recognition

(ASR). We first introduce the background information of ASR systems, including the

common corpora and toolkits for ASR, and how is ASR evaluated. Then, we review the

end-to-end models used for ASR over the years. Afterwards, we identify some challenging

problems with ASR or transformer model, and evaluate some existing works addressing

these issues.

2.1 Background

Automatic speech recognition refers to the process to map speech signals to its text tran-

scription. It started with a program called Audrey in Bell Labs in the 1950s, which could

transcribe simple numbers only. The early research on ASR traced back to the mid-

1970, where hidden Markov model (HMM) was deployed to determine the correct words

with probability function [19, 20]. The conventional methods use pipeline structures to

perform ASR task, consisting of acoustic model, pronunciation dictionary and language

model. Acoustic model converts the speech input into phonemes, which is the smallest

unit of speech distinguishing one word from another. Pronunciation dictionary is a col-

lection of rules to connect phonemes into words, and language model connects words into

semantically meaningful sentences. On top of the conventional methods, artificial neural

7
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networks (ANN) was then combined with HMM to improve flexibility and ASR perfor-

mance [21–29]. This is to take advantage of the benefits of both models. The output of

ANN is trained to predict the posterior probability of an HMM state with the acoustic

input. Later on, a major breakthrough in ASR occurs with the use of deep neural network

(DNN) [30–34]. Some works explore different types of neuron activation function and dif-

ferent network architectures. For example, convolutional neural network (CNN) was well

studied and applied in computer vision successfully. It is used in ASR across frequency,

with the HMM capturing time variation. Some works investigate the multi-task learning

in the DNN framework, such as multilingual or cross-lingual speech recognition. Recently,

end-to-end models are potential successors of conventional methods, which integrate the

pipeline components into one neural network architecture. End-to-end models directly

map the speech input to text output. Connectionist Temporal Classification (CTC)

model uses one encoder only for the mapping, while the more popular model architec-

ture is encoder and decoder combination in attention encoder-decoder (AED) model or

transformer. Watanabe et al. [35] proposed the joint CTC/AED architecture, including

the advantages of both models. We will focus on end-to-end model architectures in this

work. These latest end-to-end models will be reviewed in Section 2.2.

2.1.1 Corpora for ASR

Common open source corpora for ASR task are summarized in Table 2.1, which vary

in language, duration and context, etc. We only include the most commonly used cor-

pora, and haven’t included the multilingual cases or minor languages. In this thesis, we

mainly use LibriSpeech, Switchboard and AISHELL-I corpus, which contain both En-

glish and Mandarin languages. LibriSpeech and AISHELL-I are of sampling rate 16k,

while Switchboard has a sampling rate of 8k.

2.1.2 Toolkits for ASR

There are a number of open source toolkits for ASR. We do not discuss proprietary

speech recognition toolkit here. The Kaldi toolkit [44] is a C++ based speech recognition

toolkit that builds on traditional GMM-HMM and hybrid DNN-HMM models [19, 20].
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Table 2.1: Common corpora for ASR task

Corpus Description

AISHELL-I [36] 150 hours Chinese Mandarin speech corpus by 400
speakers with various accents across China

CSJ [37] 661 hours spontaneous Japanese speech of about 7
million words

HKUST [38] 200 hours HKUST Mandarin Telephone Speech cor-
pus by more than 2100 speakers in mainland China

LibriSpeech [39] approximately 1000 hours of 16kHz read English
speech of audiobooks

Switchboard (SWBD) [40] 300 hours of conversational English telephone speech
from around the US

Ted-Lium [41,42] speech from the TED talks with its accompanying
aligned transcripts

Wall Street Journal (WSJ) [43] 81 hours of transcribed audio data

It provides the complete recipes for building speech recognition systems. Espnet [45] is

developed on top of Kaldi style data processing, feature extraction, etc. and supports al-

most all end-to-end model architectures used in ASR. Besides ASR, Espnet also supports

text-to-speech (TTS), speech translation (ST), machine translation (MT) and voice con-

version (VC) tasks. Espnet2 is proposed afterwards which gets rid of Kaldi and Chainer.

We use Espnet toolkit to conduct experiments in Chapter 3, Chapter 4 and Chapter 5.

Recently, Espresso toolkit [46] is developed with the aim to integrate with systems from

natural language processing (NLP). Compared with Espnet, it decoders 4-11× faster.

Speechbrain [47] is an all-in-one speech toolkit on PyTorch that is capable of speech

recognition, speaker recognition, speech enhancement (SE), etc. With the development

of self-supervised learning, speech representation learning is integrated in the Fairseq

toolkit [48], which was meant for text generation tasks like language modeling (LM) or

summarization. The learned speech representation can be used for any downstream tasks,

like ASR, phoneme recognition, speech emotion recognition, etc. State-of-the-art speech
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Table 2.2: Toolkits for End-to-end ASR

Toolkits Year Language Recipes Other Applications

ESSEN [53] 2015 C++ WSJ, SWBD,
HKUST, Lib-
riSpeech, Ted-
Lium

-

Espnet [45] 2018 Python various TTS, ST, MT, VC

Espresso [46] 2019 Python WSJ, LibriSpeech,
SWBD

NMT

E2E LF-MMI [54] 2018 C++ various -

Fairseq [48] 2019 Python various NMT, LM, etc.

LINGVO [55] 2019 Python LibriSpeech NMT

OpenSeq2Seq [56] 2018 Python LibriSpeech NMT, TTS

RETURNN [57] 2018 Python WSJ, LibriSpeech,
SWBD

NMT

SpeechBrain [47] 2021 Python various TTS, SE, etc.

Wav2Letter++ [58] 2019 C++ WSJ, LibriSpeech -

representation learning models like wav2vec [49], wav2vec2.0 [50], HuBERT [51] are all

included in the fairseq toolkit. Whisper is a model developed by OpenAI, with a general

purpose to train a rubost ASR model on a large amount of data (680k hours) [52]. It can

be used for multilingual speech recognition, speech translation and language identification

as well. Popular end-to-end ASR toolkits are summarized in Table 2.2.
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2.1.3 ASR Evaluation

The most commonly used metric for evaluating ASR performance is WER [59]. By

comparing a ground truth text transcription and a hypothesis, WER is computed by:

WER =
S +D + I

N
∈ [0, +∞), (2.1)

where 𝑆, 𝐷 and 𝐼 cover all possible error cases, i.e. substitution, deletion and insertion.

𝑁 represents the number of words in the ground truth text transcription. If the hypoth-

esis is hundred percent correct, WER equals to zero. WER can be arbitrarily large as

the hypothesis can insert any number of wrong words over the ground truth text tran-

scription. Character error rate (CER) is another metric that is similar to WER, except

that WER evaluates on the word unit while CER evaluates on the character unit. CER

is mostly used in Mandarin and Japanese speech recognition corpora.

More recently, with the advance of speech representation learning, a new benchmark

named SUPERB [60] is raised to evaluate speech representation across a wide range

of speech processing tasks. SUPERB assesses the usability of pretrained models on

numerous downstream tasks. The evaluation is targeted in four domains below.

1. Content This is to evaluate the content in speech representation. Phoneme recog-

nition, ASR, keyword spotting and query by example spoken term detection are

four tasks in this domain.

2. Speaker Speaker modeling is analyzed by speaker identification, automatic speaker

verification and speaker diarization, which are all common tasks in relation to

speaker.

3. Semantics High level semantics is directly inferred from raw audio input, and

gauged in intent classification and slot filling. These are tasks belonging to spoken

language understanding.

4. Paralinguistics Emotion recognition is used to predict an emotion class for each

utterance.
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2.2 An Overview of End-to-end Models for ASR

In this section, we review end-to-end models used for ASR and analyze their strengths

and weaknesses. End-to-end models transform input acoustic features into output to-

kens (phonemes, characters, words, etc.) directly. Traditional method uses multiple

pipelined components including acoustic model, pronunciation dictionary and language

model. They perform speech recognition by passing the information in sequence. This

will bring the error propagation, as errors in the earlier stage are passed to the next

component. In comparison, end-to-end models have the advantage to learn the mapping

holistically without error propagation from multiple pipelined components. Further-

more, end-to-end models save the effort of handcrafting the pronunciation dictionary

by linguists beforehand, and greatly reduce system complexity. This section summa-

rizes four main types of end-to-end models: connectionist temporal classification (CTC)

model [61–63], attention encoder-decoder (AED) model [5–10], recurrent neural network

transducer (RNN-T) model [11,12] and speech transformer model [13]. Variants of these

four main models are briefly introduced here [64].

2.2.1 Connectionist Temporal Classification (CTC)

CTC model [61–63] transforms speech signals to texts directly by encoder only. It has

an encoder structure with a softmax layer at last to make a label prediction (character

or phoneme) for each speech time step, i.e. it predicts all labels for each time step

concurrently with a non-autoregressive nature. This has the advantage of fast inference

speed. A blank label is added to the vocabulary, which indicates non-speech signals.

Given an input speech 𝑥 with length 𝑇 , the model generates a normalized probability of

emitting the 𝑘 𝑡ℎ label at 𝑡𝑡ℎ time step:

Pr(𝑘, 𝑡 |𝑥) =
exp(𝑦𝑘𝑡 )∑
𝑘 ′ exp(𝑦𝑘 ′𝑡 )

, (2.2)

where 𝑦𝑘𝑡 is the element 𝑘 of output at timestep 𝑡 (𝑦𝑡). The prediction is a probability

distribution of labels with blank label included. The probability of output sequence
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Fig. 2.1: CTC compression rule.

𝑎 = {𝑎1, 𝑎2, ..., 𝑎𝑇 } is the product of output probability of all time steps:

Pr(𝑎 |𝑥) =
𝑇∏
𝑡=1

Pr(𝑎𝑡 , 𝑡 |𝑥). (2.3)

Given an output sequence with length 𝑇 , which has same length as the input sequence,

it derives the final output by compressing the continuous repeated labels into one label,

and then removing the blank label, as illustrated in Figure 2.1. In this case, several output

sequences may correspond to one final output. It further uses the forward-backward

algorithm for the normalized probability of the output text given input speech:

Pr(𝑦 |𝑥) =
∑︁

𝛼∈𝛽−1 (𝑦)
Pr(𝑎 |𝑥), (2.4)

where 𝛽 represents the operation to compress the repeated labels and discard the blank

label, i.e. it sums over all sequences which correspond to the same output after 𝛽 oper-

ation. The CTC loss is defined in Eq. (2.5) given a target output sequence 𝑦∗.

CTC(𝑥) = −logPr(𝑦∗ |𝑥). (2.5)

CTC model has a simple model architecture to deploy one encoder and map speech

signals to texts for each time step [12] as shown in Figure 2.2. Besides, it has fast inference

speed due to the parallel computation nature. However, the most criticized problem of

CTC model is that it assumes each time step speech frame is independent from the speech

frames of other time steps, and it does not consider the speech contextual information.
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Fig. 2.2: CTC model architecture.

To address this issue, language model integration like rescoring or shallow fusion are

common techniques to bring in the contextual knowledge. AED model improves from

CTC model by deploying recurrent neural network (RNN) in encoder and decoder, thus

considering all past speech frames during encoding. AED model is introduced in the next

section.

2.2.2 Attention Encoder-Decoder (AED)

AED model [5–10] consists of encoder and decoder network with attention computation

in between. The attention computation is to attend to the encoder output for text

decoding. For both encoder and decoder, it deploys RNN structure to process sequential

information. Most of the time, the encoder uses bidirectional long short-term memory

(BLSTM) RNN to encode both past and future speech contexts. Given a speech sequence

𝑥 = (𝑥1, ..., 𝑥𝑇 ), the BLSTM network computes the hidden state vectors ℎ = (ℎ1, ..., ℎ𝑇 )
in the forward direction with 𝑡 from 1 to 𝑇 by:

𝑖𝑡 = 𝜎(𝑊𝑥𝑖𝑥𝑡 +𝑊𝑐𝑖𝑐𝑡−1 +𝑊ℎ𝑖ℎ𝑡−1 + 𝑏𝑖), (2.6)

𝑓𝑡 = 𝜎(𝑊𝑥 𝑓 𝑥𝑡 +𝑊𝑐 𝑓 𝑐𝑡−1 +𝑊ℎ 𝑓 ℎ𝑡−1 + 𝑏 𝑓 ), (2.7)

𝑐𝑡 = 𝑖𝑡tanh(𝑊ℎ𝑐ℎ𝑡−1 +𝑊𝑥𝑐𝑥𝑡 + 𝑏𝑐) + 𝑓𝑡𝑐𝑡−1, (2.8)

𝑜𝑡 = 𝜎(𝑊𝑥𝑜𝑥𝑡 +𝑊𝑐𝑜𝑐𝑡−1 +𝑊ℎ𝑜ℎ𝑡−1 + 𝑏𝑜), (2.9)
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Fig. 2.3: Long short-term memory cell and bidirectional LSTM model architecture.

ℎ𝑡 = 𝑜𝑡tanh(𝑐𝑡), (2.10)

where 𝑖𝑡 represents the input gate at time step 𝑡, 𝑓𝑡 and 𝑜𝑡 are the forget gate and the

output gate respectively, 𝑐𝑡 is the cell state vector and has the same dimension with

hidden vectors, 𝜎 is the sigmoid function. The computation from Eq. (2.6) to Eq. (2.10)

is denoted as H , and is presented in Figure 2.3(a).

The BLSTM network computes hidden state in both forward direction and backward

direction to encode both past and future information. It then computes the encoder final

output as Eq. (2.13) using hidden state vectors from both directions.

−→
ℎ 𝑡 = H(𝑊−→

ℎ
−→
ℎ

−→
ℎ 𝑡−1 +𝑊

𝑥
−→
ℎ
𝑥𝑡 + 𝑏−→

ℎ
), (2.11)

←−
ℎ 𝑡 = H(𝑊←−

ℎ
←−
ℎ

←−
ℎ 𝑡+1 +𝑊

𝑥
←−
ℎ
𝑥𝑡 + 𝑏←−

ℎ
), (2.12)

15



Chapter 2. End-to-end Approaches for ASR: A Literature Review

ℎ𝑡 = 𝑊−→
ℎ ℎ

−→
ℎ 𝑡 +𝑊←−

ℎ ℎ

←−
ℎ 𝑡 + 𝑏ℎ, (2.13)

where
−→
ℎ is the hidden sequence in the forward direction and

←−
ℎ is the hidden sequence

in the backward direction. Figure 2.3(b) gives an illustration of a single layer BLSTM

model structure.

Usually the encoder has a few BLSTM layers stacked together to build a deeper

model. It has more model capacity and is able to encode complex information for better

representations. The output from previous layer is fed to the next layer as input, and

the first layer receives the speech input. For layer 𝑛 ∈ [2, 𝑁] (except the first layer), the

hidden state is calculated by:

−→
ℎ 𝑛𝑡 = H(𝑊ℎ𝑛−1

−→
ℎ 𝑛
ℎ𝑛−1𝑡 +𝑊−→

ℎ 𝑛
−→
ℎ 𝑛

−→
ℎ 𝑛𝑡−1 + 𝑏−→ℎ 𝑛

), (2.14)

←−
ℎ 𝑛𝑡 = H(𝑊←−ℎ 𝑛

←−
ℎ 𝑛

←−
ℎ 𝑛𝑡+1 +𝑊ℎ𝑛−1

←−
ℎ 𝑛
ℎ𝑛−1𝑡 + 𝑏←−

ℎ 𝑛
), (2.15)

ℎ𝑛𝑡 = 𝑊−→ℎ 𝑛ℎ𝑛

−→
ℎ 𝑛𝑡 +𝑊←−ℎ 𝑛ℎ𝑛

←−
ℎ 𝑛𝑡 + 𝑏𝑛ℎ. (2.16)

For decoder, it typically deploys a unidirectional long short-term memory (LSTM)

network, whose algorithm is depicted in Figure 2.3(a). The context vector in decoder

comes from the attention computation between encoder output hidden sequence ℎ𝑁 =

(ℎ𝑁1 , ..., ℎ
𝑁
𝑇
) and decoder hidden state vector 𝑠𝑖, so as to extract useful information from

encoder to generate the next token in decoder. For context vector 𝑐𝑖, the attention

computation is:

𝑒𝑖,𝑡 = 𝑠𝑖𝑊𝑠 ∗ (ℎ𝑁𝑡 𝑊ℎ)𝑇 , (2.17)

𝛼𝑖,𝑡 =
exp(𝑒𝑖,𝑡)∑𝑇
𝑡=1 exp(𝑒𝑖,𝑡)

, (2.18)

𝑐𝑖 =

𝑇∑︁
𝑡=1

𝛼𝑖,𝑡ℎ
𝑁
𝑡 . (2.19)

With the context vector 𝑐𝑖, LSTM network in decoder and the prediction probability

is defined as:

𝑠𝑖 = H(𝑊𝑦𝑠𝑦𝑖−1 +𝑊𝑠𝑠𝑠𝑖−1 +𝑊𝑐𝑠𝑐𝑖−1 + 𝑏𝑠), (2.20)

𝑃(𝑦𝑖 |𝑥, 𝑦<𝑖) = softmax(𝑊𝑠𝑦𝑠𝑖 +𝑊𝑐𝑦𝑐𝑖 + 𝑏𝑦). (2.21)

Figure 2.4 shows the overall architecture of AED model. AED model could resolve

the frame independence issue of CTC explained in the last section by using the BLSTM
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Fig. 2.4: Attention Encoder-Decoder model architecture [5–10].

network to encode contextual information from both past and future input at the same

time. Furthermore, compared with the standard encoder-decoder network without the

attention in between, it uses the attention computation to relate useful information from

encoder output at each time step, rather than depending only on the last hidden state

vector of encoder for decoding. This method is more robust and could provide more

knowledge to the decoder for making accurate prediction. However, the RNN encoder

and decoder structure still suffers from the vanishing gradient problem, i.e., propagating

the gradient from the output back to the input. Besides, the attention computation is

processed over the entire input speech sequence, making it impossible to use AED model

for online speech recognition, whose speech input comes in real time. RNN transducer

(RNN-T) model is suitable for both offline and online speech recogntion, and is detailed

in Section 2.2.3.
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Fig. 2.5: RNN Transducer model architecture [11,12].

2.2.3 RNN Transducer (RNN-T)

RNN-T model [11, 12] has encoder, prediction and joint network as presented in Fig-

ure 2.5. The encoder network encodes the acoustic features, and the prediction network

acts as a language model. The joint network operates on the encoder and prediction

network outputs for the final text transcription. The encoder uses LSTM or BLSTM

network, which is the same as the encoder network of AED model in Section 2.2.2. The

encoder output at time step 𝑡 is:

ℎ𝑒𝑛𝑐𝑡 = 𝑓 𝑒𝑛𝑐 (𝑥𝑡), (2.22)

where 𝑥𝑡 is the speech input at timestep 𝑡, 𝑓 𝑒𝑛𝑐 represents the encoder network in Fig-

ure 2.5. The prediction network also uses RNN model to predict the next label given

current output 𝑦𝑢−1 of RNN-T model:

ℎ
𝑝𝑟𝑒
𝑢 = 𝑓 𝑝𝑟𝑒 (𝑦𝑢−1), (2.23)

where 𝑓 𝑝𝑟𝑒 represents the prediction network in Figure 2.5. Lastly, the joint network

combines outputs ℎ𝑒𝑛𝑐𝑡 and ℎ
𝑝𝑟𝑒
𝑢 , and adds a softmax layer behind. Same as CTC model,

it then uses the forward-backward algorithm to obtain the normalized probability of the
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output text given input speech.

ℎ𝑡,𝑢 = 𝑊𝑦𝜓(𝑈ℎ𝑒𝑛𝑐𝑡 +𝑉ℎ
𝑝𝑟𝑒
𝑢 + 𝑏𝑧) + 𝑏𝑦, (2.24)

𝑃(𝑘 |𝑡, 𝑢) = softmax(ℎ𝑘𝑡,𝑢), (2.25)

where 𝑘 is the output token, 𝜓 represent a non-linear function, 𝑈, 𝑉 , 𝑏𝑧 and 𝑏𝑦 are the

learnable model parameters.

RNN-T model has the advantage to be applied for online speech recognition. The joint

network can easily process encoder output and prediction network output concurrently,

while the encoder network processes the incoming speech signals. Besides, it also relaxes

the frame independence assumption of CTC model. However, RNN-T model is very com-

putationally expensive due to the forward-backward computation. 𝑃(𝑘 |𝑡, 𝑢) in Eq. (2.25)

has three dimension 𝑘, 𝑡, 𝑢, and it requires more computation resources compared with

previous reviewed end-to-end models in Section 2.2.1 and Section 2.2.2 [12].

2.2.4 Speech Transformer

More recently, transformer model [17] is proposed and plays a role in almost all latest

models in NLP and speech recognition. Transformer model can learn pairwise relation-

ship between any two elements directly through the self-attention network. It does not

incur the vanishing gradient problem of RNN or is limited by the kernel size of convolu-

tional neural network (CNN), thus is able to capture longer range context. Besides, its

capability for parallel computation also enables batched operation and fast computation

speed. Speech transformer [13] builds based on the transformer model for ASR. Fig-

ure 2.6 gives the overall framework of speech transformer model. There are 𝑁𝑒 encoder

layers and 𝑁𝑑 decoder layers in the model. For a speech input sequence, it first applies

two convolution layers with stride two to reduce the hidden representation length, as the

speech input length is much longer than its corresponding text length in the decoder. A

sinusoidal positional encoding is added to encode position information as Eq. (5.8) and

Eq. (5.9).

𝑃𝐸(𝑝𝑜𝑠,2𝑖) = sin(𝑝𝑜𝑠/100002𝑖/𝑑𝑚𝑜𝑑𝑒𝑙 ), (2.26)

𝑃𝐸(𝑝𝑜𝑠,2𝑖+1) = cos(𝑝𝑜𝑠/100002𝑖/𝑑𝑚𝑜𝑑𝑒𝑙 ), (2.27)
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where 𝑝𝑜𝑠 is the position, 𝑑𝑚𝑜𝑑𝑒𝑙 is the positional and depth embedding dimension, and

𝑖 is the ith dimension.

Transformer encoder then computes hidden state representation of each position in

parallel with a self-attention network. For the three inputs key, query and value, which

are three distinct transformation of input sequence used to extract the input information,

the multi-head attention network, which concatenates self-attention network ℎ times as

introduced in [17], is:

MultiHead(𝑄, 𝐾,𝑉) = Concat(ℎ𝑒𝑎𝑑1, ..., ℎ𝑒𝑎𝑑ℎ)𝑊𝑂 , (2.28)

ℎ𝑒𝑎𝑑𝑖 = Attention(𝑄𝑊𝑄

𝑖
, 𝐾𝑊𝐾

𝑖 , 𝑉𝑊
𝑉
𝑖 ), (2.29)

Attention(𝑄, 𝐾,𝑉) = softmax(𝑄𝐾
𝑇

√
𝑑𝑘
)𝑉, (2.30)

where ℎ is the head number, 𝑊𝑄

𝑖
∈ R𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑞 , 𝑊𝐾

𝑖
∈ R𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑘 , 𝑊𝑉

𝑖
∈ R𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑣 , 𝑊𝑂 ∈

Rℎ𝑑𝑣×𝑑𝑚𝑜𝑑𝑒𝑙 , 𝑑𝑘 = 𝑑𝑞 = 𝑑𝑣 = 𝑑𝑚𝑜𝑑𝑒𝑙/ℎ in our experiments.

Multi-head attention allows learning input representation from different subspaces

concurrently. Layer normalization and residual connection are applied before and after

multi-head attention network. Afterwards, there is a position-wise feedforward network

with rectified linear unit (ReLU) activation:

FFN(𝑥) = 𝑏2 +𝑊2max(0, 𝑏1 +𝑊1𝑥), (2.31)

where 𝑊1 ∈ R𝑑𝑚𝑜𝑑𝑒𝑙×𝑑 𝑓 𝑓 , 𝑊2 ∈ R𝑑 𝑓 𝑓×𝑑𝑚𝑜𝑑𝑒𝑙 , and the biases 𝑏1 ∈ R𝑑 𝑓 𝑓 , 𝑏2 ∈ R𝑑𝑚𝑜𝑑𝑒𝑙 .

Each encoder layer has multi-head attention network and position-wise feedforward

network. For speech transformer decoder, there is a third sublayer between multi-head

attention and feedforward network. This is a multi-head cross attention computed over

encoder and decoder output, where key and value vectors come from encoder, and query

vector comes from decoder. To prevent self-attention network from attending to future

positions in the decoder, a masking is applied.

Transformer architecture is widely used due to its ability to capture long range rela-

tionship from inputs, as well as its fast computation speed. However, due to its nature to

attend to the entire utterance, transformer is not suitable for online speech recognition.
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A masking could be applied to let the attention focuses on partial history input frames

only [65], so as to apply for online speech recognition.

Despite transformer model’s capability to learn long-range relationship between inputs

and to enable parallel computation with fast speed [66], there is room for improvement.

First, speaker adaptation is a long standing problem in ASR, which arises due to speaker

mismatch between training and test data. ASR performance could drop drastically should

the test speaker data deviates a lot from training speaker data. There is less work to

improve the transformer model for speaker adaptation. Second, speech recognition has a

characteristic to have monotonic alignment between text output and speech input. This

is different from other tasks such as text summarization, which highly depends on the

past and future contexts. Transformer model disperses the attention distribution over

the entire speech input for information extraction, and does not consider the monotonic

alignment. Third, transformer model has static number of encoder layers, which needs

careful tuning to achieve the best performance. The fixed number of encoder layers is

unable to recognize phonemes with different complexity and noise level dynamically. We

review some existing works with regards to speaker adaptation in end-to-end ASR models

in Section 2.3.

2.3 Prior Speaker Adaptation Works

In this section, we review some prior works related to speaker adaptation. Given our

motivation to improve speaker adaptation in the latest Transformer model, we mainly

introduce prior efforts on neural network-based speech recognition systems, which can be

broadly categorized into feature adaptation and model adaptation.

2.3.1 Feature Adaptation

Feature adaptation acts on the acoustic features to conduct speaker-aware training. The

simplest form is feature transformation. One method is through normalization to stan-

dardize the acoustic features to deal with different speakers. Another method is augment-

ing the acoustic features to supplement speaker-related knowledge [67–69]. Let x ∈ R𝑑
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denotes the acoustic features, and normalization is characterized by an affine transfor-

mation or standardization:

x𝑡 = Ax + b, (2.32)

x𝑡 =
x − 𝜇
√
𝜎2 + 𝜖

, (2.33)

where 𝜇 ∈ R𝑑 is the mean value, 𝜎2 ∈ R𝑑 is the variance term, and 𝜖 is a small constant

for numerical stability. This is a straightforward and common method to regulate the

acoustic features.

Augmentation aims to provide speech variants with characteristics resembling the

target speaker or acoustic environment. Speech variants include different volumes or

speaking rates of the target speaker [70–72]. Some works use label-preserving speech

with perturbed vocal tract length warp factors [73, 74]. Augmentation can also help in

creating a richer adaptation dataset. For example, [74–76] use stochastic feature map-

ping to perform voice conversion [77] between speakers, which generates more acoustic

information for the target speaker not seen in the training dataset. Text-to-speech (TTS)

technique is also employed to expand the target speaker voice set and could potentially

cover unknown acoustic conditions [78–80].

Not just feature transformation, [81] supplements acoustic features with feature-space

maximum likelihood linear regression (fMLLR) transformed features for improving the

network robustness against speaker information mismatch. Adapting the learnable fil-

terbanks with SincNet could compensate for varying vocal tract lengths among speak-

ers [82]. Alternatively, dynamically generating the scaling and shifting parameters in

layer normalization has resulted in adaptive acoustic modeling, which does not require

extra adaptation data [83].

Another form of feature adaptation makes use of i-vectors or ★-vectors [84–90]. I-

vector is extracted based on a data-driven approach by mapping frames of an utterance to

a low-dimensional vector space using a factor analysis technique [91–93]. One usage of i-

vector is taking attention with i-vectors from multiple speakers as speaker embedding and

appending to the acoustic features to generalize to unseen test speakers [94,95]. ★-vectors

are network embeddings trained with the objective to distinguish between speakers [96].

In particular, x-vectors are transformed from variable-length utterances during speaker
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recognition applying data augmentation [97, 98]. D-vectors are extracted from the long

short-term memory recurrent neural networks for modeling speaker variability [99, 100].

[101] generates H-vectors with a hierarchical attention network to capture speaker related

information at both frame level and segment level. Other than i-vectors or ★-vectors,

summary vector computed from the sequence summary network is added to the encoder

input to represent speaker characteristics [83, 102–104]. Figure 2.7 gives an example

of a sequence summary network. [105] uses a time-delay neural network and an online

averaging layer to predict learning hidden unit contribution (LHUC) features for speaker

adaptation.

The advantage of feature adaptation methods is that it does not require extra adap-

tation data. The adaptation is performed with model transformation or with the help

of ★-vectors to account for different target speakers. However, introducing additional

★-vectors is the drawback of feature adaptation methods, as it requires pre-processing

and the model is not a fully end-to-end model. Furthermore, the model performance is

dependent on the quality of ★-vectors.

2.3.2 Model Adaptation

Model adaptation aims to train the speaker-dependent model from speaker-independent

model parameters with additional adaptation data. It can adapt the entire acoustic model

or specific layers [106]. Structured parameterisation is another option to transform model

parameters with a linear network [107–109]. The major challenge in model adaptation

based methods is to prevent overfitting to the finite adaptation data and catastrophic

forgetting [110, 111] on the existing training data, and the related works can be divided

into three categories from this perspective.

The first group works on imposing a restricted set of speaker-dependent parame-

ters on the model. learning hidden unit contribution (LHUC) is a typical example

by modifying the combination of hidden units while fixing the network’s basis func-

tions [112–114]. Small speaker code is another method, which is learnt for each speaker

via the back-propagation algorithm to transform the speaker features into a general

speaker-independent feature space, in parallel with learning the large generic neural net-

work [115, 116]. [117, 118] adapt the linear transformations in batch normalization to
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match the hidden layer input distribution between training and test data, so as to account

for different speaker input distribution. Other than batch normalization, sigmoid and

rectified linear unit (ReLU) parameters are generalised for adaptation as well [119]. [120]

evaluates various affine transformations of the top hidden layer and softmax layer by

batch update and stochastic gradient ascent. A low-rank plus diagonal (LRPD) decom-

position method is proposed in [121, 122] by reconstructing the adaptation matrix with

a variable amount of adaptation parameters to equip the model with the scalability for

adaptation. Factorized hidden layer (FHL) approach uses a linear combination of bases

to represent speaker-dependent hidden layers, which can be initialized with i-vectors

and trained in an unsupervised fashion [123]. This factorization idea is utilized similarly

in [124], which estimates an interpolation vector of multiple weight matrices in the cluster

adaptive training (CAT). Likewise, [125] factorizes a context adaptive neural network and

learns the weighting coefficients jointly with the main network. To reduce the number

of adaptable parameters, singular value decomposition (SVD) technique can be applied

directly to shrink the model size [126,127].

The second class of methods avoids overfitting by regularization, which is a common

technique to address the overfitting issue. L2 regularization [106] and Kullback-Leibler

divergence (KLD) regularization [128–131] have been studied for this purpose. Since KLD

is an asymmetric measure in distribution and it may not reach the global optimum, [132]

applies adversarial learning to regularize the speaker-dependent hidden representations

with a discriminator network. Meta-learning technique is used in [133,134], which formu-

late speaker adaptation as a meta-learning task and investigate the use of meta-learner

to embed speaker adaptation via gradient descent directly into the training of the acous-

tic model. Maximum a posteriori (MAP) adaptation [135] is a Bayesian approach by

obtaining a prior density from the training data and re-estimating speaker-dependent

parameters [136]. Another bayesian learning method is bayesian learning of hidden unit

contributions (BLHUC), which adopts a variational inference based approach to esti-

mate the posterior distribution of LHUC parameters and models the uncertainty of the

speaker-dependent parameter space [137].

Lastly, adjusting the training objective function can tackle the overfitting problem

as well. Multitask learning [138, 139] is a typical option where the main objective is for
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ASR and the related tasks are learnt jointly for dealing with overfitting. For instance,

auxiliary mono-phone/senone-cluster classification task can help build up the coverage

of acoustic units and enhance the discrimination capability of the adapted models with

limited adaptation data [140–142]. Similarly, word and letter classification are proposed

in [129, 130] with different granularity for CTC and AED models, which also helps in

enlarging the coverage of acoustic units. Conservative training is another technique

which compensates for the lack of adaptation data by replacing the target of missing

units with the outputs computed by the original network [108,143].

The strength of model adaptation approaches is that it is independent of knowledge

of ★-vectors, and there is no pre-processing needed. However, one challenge with model

adaptation methods is overfitting to adaptation data. As seen in this section, all methods

are proposed to tackle overfitting issue from different perspective, by restricting parame-

ters, regularization or adjusting the training objective. Besides, it is difficult to determine

which model parameters to adapt for target speaker. Some works focus on the batch nor-

malization layer, while some works modify the sigmoid and rectified linear unit (ReLU)

parameters. Therefore, there is no consistent guideline on which model parameters to

adapt, and choosing certain sub-layer(s) intuitively may not be optimal.
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Fig. 2.6: Speech Transformer model architecture [13].
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Fig. 2.7: Schematic diagram of the sequence summary network.
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Chapter 3

Unified Speaker Adaptation

In this chapter, a unified speaker adaptation method is proposed to tackle the speaker

adaptation issue in the transformer model. Speaker adaptation is a long-standing problem

for ASR, and has been under study from traditional GMM-HMM models to the latest

end-to-end models. Our focus is working on the transformer model and improve the ASR

performance.

As reviewed in Section 2.3, previous speaker adaptation works can be divided into

featuer adaptation and model adaptation. They are applicable to different scenarios, i.e.,

feature adaptation works directly on the model input and does not require additional

target speaker data, while model adaptation usually works with some extra target speaker

data. Our proposed method uses both feature adaptation and model adaptation, with

the aim to cover all the use cases. Firstly, our method can be used for general speaker

adaptation with no certain target speaker. Secondly, under the scenario of limited target

speaker data, our method could be utilized to adapt to that target speaker. Lastly, our

method applies to adapting to multiple speakers at the same time.

This chapter is organized as follows. Section 3.1 first provides the motivation for

speaker adaptation. Section 3.2 then gives a full picture of our proposed method including

feature adaptation and model adaptation. We further extend our method to multi-

speaker adaptation scenario. Experiments are conducted in Section 3.3 to analyze the

performance of the proposed approach under different use cases. We then conduct some

analysis of the method in Section 3.4. Section 3.5 concludes this chapter.
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3.1 Introduction

3.1.1 Motivation

As detailed in Chapter 2, although end-to-end ASR models are reaching promising per-

formance especially with the latest transformer model, speaker adaptation in end-to-end

models can be further improved, which arises due to speaker mismatch between training

and test data. The model trained using training data speakers may not apply well in un-

known target speakers, due to variation in speaker characteristics. Adpating ASR model

is a challenging task as it involves the change of large and complex models. There are

some prior published efforts targeting this issue review in Section 2.3, including feature

transformation [67, 70], using additional information such as i-vectors [84], structured

parameterisation [107], regularization [128], variant objective functions [138], etc. How-

ever, most methods have their dedicated application scenarios, either for general speaker

adaptation or some specific target speaker(s). There is less universal technique that can

be applied for any speaker adaptation scheme.

3.1.2 Our Method

To surmount this obstacle, in this chapter we propose a unified speaker adaptation

approach that can be deployed for general speaker adaptation, specific target speaker

adaptation and multi-speaker adaptation. First, we propose the speaker-aware persis-

tent memory model to generalize better to unseen test speakers. In particular, speaker

i-vectors from the training data are sampled and concatenated to speech utterances in

each encoder layer, and the speaker knowledge is learnt through attention computation

with speaker i-vectors. Second, we use the gradual pruning method to gradually prune

less contributing parameters on model encoder, and then use the pruned parameters

for target speaker adaptation while freeze the unpruned parameters to retain the model

performance on general speaker data. Third, we distribute the pruned free parameters

among target speakers equally, randomly, and simultaneously for multi-speaker adapta-

tion.
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3.2 Model Architecture

We present our proposed unified speaker adaptation approach including both feature

adaptation and model adaptation, in line with the historical speaker adaptation categories

reviewed in Chapter 2. Our algorithm is applicable for both general speaker adaptation

and specific target speaker adaptation, with or without target speaker data. Additionally,

we refine our method for multi-speaker adaptation scenario, which is described in this

section as well.

3.2.1 Feature Based Adaptation Method

Persistent memory is a concept first raised in [144] to replace the feedforward network

(Eq. (2.31)) in the transformer model with an all-attention network. To replace the

feedforward network in the transformer model, the attention was computed on a set

of key and value vectors which are randomly initialized, so as to simulate W1 and W2

vectors in Eq. (2.31), which are also randomly initialized. The attention computed on

random vectors was meant to extract information independent of adjacent contexts, such

as general knowledge of the given input. The term “persistent memory” originated from

the sharing of the random key and value vectors among the training and test data, in a

way carrying the memory along.

Inspired by [144], we propose to perform speaker aware training by learning speaker

specific knowledge in a similar manner as capturing general knowledge by the persistent

memory model. We modify the speech transformer encoder layers as seen in Fig. 3.1. 𝑁𝑒

represents the number of encoder layers, and ℎ is the number of attention head. Instead

of constructing a set of random key and value vectors for capturing general knowledge,

we take advantage of speaker i-vectors [145] which contain speaker information by nature,

and hence our method falls under the feature adaptation category. To be more specific,

𝑁 speaker i-vectors 𝑚1, ..., 𝑚𝑁 ∈ R𝑑𝑘 are randomly sampled from the training data, which

form the speaker space. Persistent memory vectors M𝑘 and M𝑣 are learned transformation

of the speaker space:

M𝑘 = Concat( [U𝑘𝑚1, ...,U𝑘𝑚𝑁 ]) ∈ R𝑁×𝑑𝑘 , (3.1)
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Fig. 3.1: Proposed speaker adaptation model.

M𝑣 = Concat( [U𝑣𝑚1, ...,U𝑣𝑚𝑁 ]) ∈ R𝑁×𝑑𝑘 , (3.2)

where U𝑘 ∈ R𝑑𝑘×𝑑𝑘 , U𝑣 ∈ R𝑑𝑘×𝑑𝑘 . With the persistent memory vectors, speaker knowledge

is learnt through the self-attention computation in Eq. (2.30). This is built on the

assumption that the linear combinations of speaker space are enough to cover the speaker

information space, i.e., a weighted sum of persistent memory vectors can represent any

specific speaker knowledge. This is also the reason we term it as speaker space. The input

vectors of the self-attention network X = [𝑥1, ..., 𝑥𝑡] and the persistent memory vectors

M𝑘 and M𝑣 are then concatenated together to form the new key and value vectors for

attention computation:

K𝑚 = [𝑘1, ..., 𝑘 𝑡+𝑁 ] = Concat( [W𝑘𝑥1, ...,W𝑘𝑥𝑡],M𝑘 ), (3.3)
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V𝑚 = [𝑣1, ..., 𝑣𝑡+𝑁 ] = Concat( [W𝑣𝑥1, ...,W𝑣𝑥𝑡],M𝑣), (3.4)

Attention(Q,K𝑚,V𝑚) = softmax(
QK𝑇

𝑚√
𝑑𝑘
)V𝑚 . (3.5)

Different from the randomly initialized learnable key and value vectors in [144], the

𝑁 speaker i-vectors we sample are fixed, and are supposed to form the basis for speaker

knowledge extraction. Only the weight matrices associated with the attention mechanism

U𝑘 and U𝑣 are learnable. Furthermore, instead of replacing the feedforward network, we

aim to get the relevant speaker information with the persistent memory essentially, so we

leave the feedforward network untouched. Since the set of speaker i-vectors are shared

across all the training data, and in a manner of carrying the persistent memory, we name

the model as speaker aware persistent memory model.

Our proposed speaker aware persistent memory model has a few distinct advan-

tages over other similar feature adaptation techniques. Firstly, by randomly sampling

𝑁 speaker i-vectors from the training data which form the speaker space and learning

various speaker data from them, the model is meant to capture any speaker knowledge.

It effectively addresses the problem of having unknown speakers in the test data. Thus,

it is suitable for general speaker adaptation. It also relieves us from computing all the

speaker i-vectors from the training data. Secondly, most similar to our work, [94] takes

the attention with speaker i-vectors and appends it to the acoustic features for each in-

put time step, which actually obtains time dependent speaker information. In this step,

temporal information in speech is not taken into consideration. In comparison, we con-

catenate the persistent memory vectors to the speech input along the time dimension,

and the attention is computed together with the entire utterance. By doing so, it takes

the entire utterance into consideration while capturing speaker information, and thus

our method learns utterance level speaker knowledge. Since speaker information is more

global and could be studied along the utterance, we believe our method is more reason-

able. Lastly, [94] concatenates speaker embedding with the encoder final layer output,

and downscales the vector to the original dimension at the decoder side with a linear

layer. It doubles the parameter size of linear transformation in each decoder layer. In

contrast, attention with persistent memory vectors is integrated into the self-attention

network in our model, and there is no extra parameters of linear transformation in the

decoder.
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3.2.2 Model Based Adaptation Method

The speaker aware persistent memory model we propose could adapt well to unseen

speakers in the test data, and is more feasible for general speaker adaptation (unknown

target speaker). When the target speaker profile is available, for instance having a few

utterances of the target speaker, model adaptation techniques suit this scenario better.

Nevertheless, overfitting to the limited adaptation data and catastrophic forgetting on

the existing training data are critical issues for this group of methods as reviewed in

Section 2.3.2. To this end, we use a novel gradual pruning method to adapt to the target

speaker in a fast manner, and retain the model performance on the general speaker data

at the same time. Compared with previous model adaptation works to choose a subset

of model parameters to adapt, our method could let the model itself determine which

model parameters to adapt, which is a more viable solution.

To illustrate our design clearly, we first set up the context of the problem. Given

an input speech Y = {𝑦1, ..., 𝑦𝑛} and an output text Z = {𝑧1, ..., 𝑧𝑚}, ASR models the

conditional probability of the output text over the input speech as follows:

Pr(Z|Y; 𝜃) =
𝑚∏
𝑖=1

Pr(𝑧𝑖 |Y, 𝑧<𝑖; 𝜃), (3.6)

where 𝜃 represents the model parameters. Given a training dataset D = {Y 𝑗

D
,Z

𝑗

D
}𝐿
𝑗=1,

𝜃 is trained with the training objective to maximize the following log-likelihood of the

conditional probability:

J (𝜃) =
𝐿∑︁
𝑗=1

log Pr(Z 𝑗

D
|Y 𝑗

D
; 𝜃). (3.7)

Given a target speaker dataset D𝑡 = {Y 𝑗

D𝑡
,Z

𝑗

D𝑡
}𝐿𝑡
𝑗=1, speaker adaptation is carried

out by re-training the model for a few epochs using the new dataset with the following

objective:

J (𝜃D𝑡
) =

𝐿𝑡∑︁
𝑗=1

log Pr(Z 𝑗

D𝑡
|Y 𝑗

D𝑡
; 𝜃D𝑡
), (3.8)

where 𝜃D𝑡
is initialized with the trained parameters 𝜃 in Eq. (3.7), i.e., continue to train

the model to adapt to the target speaker.
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Fig. 3.2: Experiment results with varying pruning rates.

Many latest studies have shown that not all the parameters in a neural network

model contribute to the training objective [146–148]. Pruning the redundant parameters

leads to negligible performance degradation [149,150] or may even outperform the original

model [147] due to less overfitting and better generalization. To verify this experimentally,

we examine the ASR performance with different pruning rates on the model encoder

using the LibriSpeech dataset as seen in Fig. 3.2. From the graph, up to 50% of encoder

parameters can be pruned in ASR model with insignificant performance drop. With this

enlightening finding, we propose to make use of these dispensable parameters for the

speaker adaptation objective.

In particular, we first train and prune the model with training data gradually to

the predetermined sparsity level by zeroing out low magnitude parameters for every 10k

training steps, i.e., only retain a certain percentage of high magnitude unpruned pa-

rameters 𝜃𝑈𝑃 after 𝑛 epochs of training. This is to unearth an informative subnetwork

whose performance well matches the original model (Fig. 3.3(b)). We choose to prune

the low magnitude parameters as we think they contribute less to the training objec-

tive by their magnitude. Instead of pruning on a well-trained model [151], we train and

prune concurrently (with warm-up training first) to reduce the total number of training
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steps and thus save computation resources. We also prove experimentally in the later

section that this gradual pruning method is better than the one-time pruning method

at different training stages. Given that it is the speech transformer encoder which en-

codes the speech or speaker information, we only prune the encoder parameters including

embedding network, self-attention network and feedforward network in all encoder lay-

ers. Afterwards, we use the free encoder parameters being pruned to encode speaker

knowledge specifically.

Subsequently, unpruned parameters in the informative subnetwork 𝜃𝑈𝑃 are frozen to

retain the performance on existing speakers and avoid catastrophic forgetting problem,

as represented by the light grey connections in Fig. 3.3(c). We only finetune the pruned

free parameters 𝜃𝑃 for target speaker adaptation (blue connections in Fig. 3.3(c)). The

training objective will be:

J (𝜃𝑃) =
𝐿𝑡∑︁
𝑗=1

log Pr(Z 𝑗

D𝑡
|Y 𝑗

D𝑡
; 𝜃𝑈𝑃, 𝜃𝑃), (3.9)

where 𝜃𝑈𝑃 represents frozen parameters and 𝜃𝑃 represents updated parameters. Since

the informative sub-network is already capable of performing ASR task very well, we

believe further finetuning the free parameters with target speaker data is an added value

to the speaker-specific model.

Our proposed method has a few advantages over prior model adaptation approaches.

First, as opposed to finetuning the entire model (Eq. (3.8)), we only need to finetune a

small number of parameters 𝜃𝑃, around 10% of the model encoder parameters only. Sec-

ond, compared with previous model adaptation approaches in Section 2.3.2, our method

saves the trouble of intuitively adapting a certain subset of model parameters to prevent

overfitting, e.g., batch normalization layer in [117] or sigmoide and ReLU parameters

in [119]. Instead, we leave the model to learn by itself which parameters to keep (for

maintaining the model performance) and which parameters to discard (for speaker adap-

tation in our case). This is more tenable as the decision is supported by the objective

function. Third, our method neither change the model architecture nor add additional

tasks, which is common in multitask learning [138,139]. Last, fixing the informative sub-

network makes our model retain past knowledge with no catastrophic forgetting issue.
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Fig. 3.3: Illustration of the proposed model adaptation methods. We first initialize model
parameters (a), train and prune the model alternately for 𝑛 epochs (b), and finetune the
pruned parameters with target speaker(s) data (c,d). Frozen parameters are indicated
by light grey connections in (c,d), while finetuned parameters are colored ones, which are
the parameters pruned at the earlier stage (b). A specific target speaker is adapted in
(c), while (d) gives an example of three-speaker adaptation. Free parameters are equally
and randomly assigned to three target speakers (represented by three colors), and are
adapted accordingly.

It also prevents the model from easily overfitting on low-resource target speaker data to

some extent.
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3.2.3 Multi-Speaker Adaptation

In previous sections, we have described the proposed unified speaker adaptation approach

including feature adaptation and model adaptation, applicable for both general speaker

adaptation and specific target speaker adaptation. However, in a ubiquitous environment

especially with multiple users, the more crucial task is to adapt the ASR model for

multiple speakers and improve the ASR model accuracy overall. There is less research in

relation to multi-speaker adaptation in ASR [152], especially for end-to-end systems. In

this section, we introduce our multi-speaker adaptation scheme, i.e., one model adapted

for multiple speakers at the same time.

Inspired by the idea of prompt tuning [153], we refine the gradual pruning method

in Section 3.2.2 and apply it to multiple target speakers. Prompt tuning is recently

proposed for adapting language models. It is a simple yet effective mechanism via learning

task-specific prompts to perform numerous downstream tasks conditioned on a frozen

language model. Given input tokens 𝑥 and output tokens 𝑦, the language model assigns

the output probability Pr𝜉 (𝑦 |𝑥), where 𝜉 represents the language model parameters.

Prompting refers to adding additional information to the model during its text generation

or classification, usually done by adding a series of tokens 𝑝 to the model input. The

model objective now becomes maximizing the probability Pr𝜉 (𝑦 | [𝑝; 𝑥]). Instead of having

a frozen language model (frozen 𝜉) and carefully designing prompt tokens 𝑝, prompt

tuning assigns tunable parameters 𝜉𝑝 to automatically chosen prompt tokens 𝑝, and

updates 𝜉𝑝 via backpropagation. The model is trained to maximize Pr𝜉;𝜉𝑝 (𝑦 | [𝑝; 𝑥]),
where 𝜉 is frozen and 𝜉𝑝 is updated.

Similar to prompt tuning [153] which learns task-specific prompt embeddings condi-

tioned on a frozen language model, we update the speaker-specific free parameters 𝜃𝑃

conditioned on the frozen informative subnetwork (frozen 𝜃𝑈𝑃) defined in Section 3.2.2.

Prompt tuning can perform multiple downstream tasks concurrently, likewise our multi-

speaker adaptation method can support multiple speakers at the same time. The differ-

ence to prompt tuning is that prompt tokens 𝑝 are prepended to the input tokens 𝑥 and

fed to the input layer of the model in prompt tuning, while our approach specifies the

number of target speakers and distributes among the free parameters in the entire model

encoder, in the sense that the prompts are fed to each layer of the model encoder.

37



Chapter 3. Unified Speaker Adaptation

Fig. 3.4: Comparison of whether zeroing out other speakers’ free parameters when train-
ing the current speaker’s data. (a) shows the result of zeroing out these parameters
(shown by the blank space), which is essentially the same as training a separate model
for each speaker. (b) represents a multi-speaker model adapted for speakers A, B and C.

There are two design decisions to be made. One consideration is regarding the as-

signment of free parameters 𝜃𝑃 among multiple speakers. We can assign the parameters

iteratively in sequence by following the train prune cycle, i.e., assign all free parameters

to the first speaker and train the model, then prune the redundant parameters, freeze

the unpruned ones and assign the rest free parameters to the second speaker, and so on

and so forth until all speakers are finished. However, the computation cost and time of

this method are proportional to the number of target speakers. Besides, the sequence of

speakers to be adapted plays a role in affecting how each speaker is adapted. Therefore,

we adopt a simple yet efficient approach to distribute the free parameters 𝜃𝑃 among

all target speakers equally, randomly, and simultaneously (𝜃𝑃 =
{
𝜃1
𝑃
, 𝜃2
𝑃
, ..., 𝜃𝜅

𝑃

}
for 𝜅

speakers), as represented in Fig. 3.3(d). This basically ensures fairness among all target

speakers and one does not overwhelm another.
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Another design consideration is that during adaptation of the speaker at hand, how to

deal with the free parameters assigned to other target speakers. If we choose to zero out

those parameters, this is more like keeping a separate copy of the model for each target

speaker (as seen in Figure 3.4(a)), which defeats the purpose of developing a multi-

speaker model. Hence, we decide to freeze other speakers’ free parameters when training

the current speaker’s data, and it gives us a real multi-speaker model (Figure 3.4(b)).

Given a target multi-speaker dataset
{
D𝑘
𝑡

}𝜅
𝑘=1

with 𝜅 number of speakers, where each

speaker 𝑘 has 𝐿𝑘𝑡 pairs of input speech and output text (D𝑘
𝑡 = {Y 𝑗

D𝑘
𝑡

,Z
𝑗

D𝑘
𝑡

}𝐿
𝑘
𝑡

𝑗=1), multi-

speaker adaptation is carried out by re-training the model with the following objective:

J (𝜃𝑃) =
𝜅∑︁
𝑘=1

𝐿𝑘
𝑡∑︁

𝑗=1

log Pr(Z 𝑗

D𝑘
𝑡

|Y 𝑗

D𝑘
𝑡

; 𝜃𝑈𝑃, 𝜃𝑃), (3.10)

where 𝜃𝑈𝑃 is the same as that in Eq. (3.9) and is frozen, 𝜃𝑃 =
{
𝜃1
𝑃
, 𝜃2
𝑃
, ..., 𝜃𝜅

𝑃

}
for 𝜅

speakers and is updated.

3.3 Experiments

3.3.1 Datasets

We evaluate the effectiveness of the proposed speaker adaptation approaches on the open-

source LibriSpeech dataset [39]. LibriSpeech consists of 16kHz read English speech from

audiobooks. We use the given train/development/test splits of the LibriSpeech dataset.

Test clean data is clean and Test other data has noise in speech. See Table 3.1 for the

statistics of the LibriSpeech dataset used in our experiments. We use Espnet toolkit [45]

for the experiments.

3.3.2 Training Setup

3.3.2.1 Inputs

We use 83-dimensional features, including 80-dimensional filter banks, pitch, deltapitch

and Normalized Cross-Correlation Functions (NCCFs). Input features are generated with
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Table 3.1: Statistics of the LibriSpeech Dataset Used for Experiments

LibriSpeech

Training Set 100h (251 speakers)

Dev clean Set 5.4h (20 males, 20 females)

Dev other Set 5.3h (17 males, 16 females)

Test clean Set 5.4h (20 males, 20 females)

Test other Set 5.1h (16 males, 17 females)

a window size of 25ms shifted every 10ms. The acoustic features are mean and variance

normalized. We exclude utterances longer than 3000 frames or 400 characters to keep

memory manageable. Speed perturbation [71] is applied with factor 0.9, 1.0 and 1.1 to

improve the model robustness.

3.3.2.2 Outputs

For the model output, we use the unigram sub-word algorithm [154] with the vocabulary

size capped to be 5000.

3.3.2.3 Speech Transformer

For the speech transformer architecture as introduced in Section 2.2.4, the convolutional

frontend before transformer encoder is two 2D convolutional neural network layers with

filter size (3,2) and stride 2, each followed by a ReLU activation. Both CNN-block

have 256 filter kernels for each CNN layer. For the multi-head attention network and

the feedforward network in both encoder and decoder following the CNN-blocks, the

attention dimension 𝑑𝑚𝑜𝑑𝑒𝑙 is 256, the feedforward network hidden state dimension 𝑑 𝑓 𝑓

is 2048, the number of attention heads ℎ is 4, with 𝑑𝑘 = 𝑑𝑞 = 𝑑𝑣 = 64 for each head,

the number of encoder layers 𝑁𝑒 is 12, the number of decoder layers 𝑁𝑑 is 6. The total

number of model parameters is 31 million. We train the model for 100 epochs (𝑛 = 100

in Fig. 3.3(b)). The training and decoding parameters are listed in Table 3.2.
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Table 3.2: Experimental Hyperparameters for Speech Transformer

Parameter

Batch Size 12

CTC Weight for Training 0.3

Dropout Rate 0.1

Gradient Clipping Norm 5.0

Learning Rate 5.0

Warmup Steps 25000

CTC Weight for Decoding 0.4

Decoding Beam Size 60

Language Model Weight 0.6

3.3.2.4 External Language Model

For the external language model, we adopt the transformer architecture as well. The

attention dimension is 512, the feedforward network hidden state dimension is 2048, the

number of attention heads is 8, the number of layers is 16. We train the model for

50 epochs with batch size being 32. The text corpus contains the LibriSpeech training

transcripts and 14500 public domain books [39]. The language model is trained separately

from the ASR model.

3.3.2.5 I-vector

For i-vector generation, we follow the SRE08 recipe in Kaldi [44] toolkit on the training

data. I-vectors extracted are of dimension 100. They are then transformed to have the

same dimension as speech vectors for concatenation.
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Table 3.3: State-of-the-art Results of Different Speaker Adaptation Algorithms on Lib-
riSpeech Test Data

Model Test clean Test other

Baseline 9.2 21.9

DFSMN-SAN [14] 8.9 21.6

SAST [94] 8.9 21.4

Our method 8.6 21.3

3.3.3 General Speaker Adaptation

We first test on the adaptation for general speakers without knowing the target speaker

profile. Speaker-aware persistent memory model introduced in Section 3.2.1 achieves

this objective. 64 speaker i-vectors are randomly sampled from the training data and

are concatenated to speech vectors on all the encoder layers in the speech transformer.

64 i-vectors are tested to be a good choice to provide diverse speaker information in

Section 3.4.1, and ablation study in Section 3.4.2 shows that applying on all the encoder

layers helps capture speaker knowledge from both low-level phonetic features and high-

level global information. Table 3.3 shows that our method brings 2.74-6.52% relative

improvement over the baseline, and surpasses [94] who also makes use of speaker i-

vectors. Furthermore, here we also compare our model with the first persistent memory

model used in ASR [14], in which persistent memory vectors are randomly initialized and

meant to capture general knowledge. Different from them, our model is to address the

speaker mismatch issue. Our method achieves the best results.

3.3.4 Specific Target Speaker Adaptation

If the target speaker profile is known beforehand, the gradual pruning method discussed

in Section 3.2.2 could adapt to the target speaker. Directly finetuning the entire model

takes high computation resources by updating all the model parameters, and could overfit

easily if the amount of target speaker data is limited. We are interested to see the
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performance of the gradual pruning method especially on low-resource data, as well as

how much it alleviates the catastrophic forgetting problem. Therefore, we randomly

choose a speaker from the LibriSpeech Test other data as the target speaker, and only

select 10 utterances of the target speaker as adaptation data. The remaining utterances

of the target speaker are chosen as the test data. We do this four times and report the

average performance to see the generalizability of the proposed approach. The average

baseline WER of four speakers is 20.5, and is slightly smaller than the average WER of

Test other speakers, which is 21.9, so further improving the target speaker performance is

a bit more challenging. The pruning rate is set as 10% here. We compare the performance

of 1) Finetune: directly finetuning the entire model as Eq. (3.8), 2) I-vec: speaker-

aware persistent memory method by adding i-vectors, 3) Pruning: gradual pruning,

4) Pruning+I-vec: combining the feature adaptation and model adaptation methods

proposed.

For results on the target speaker in Figure 3.5(a), finetuning works better than the

baseline. Adding i-vectors has the highest WER initially and the performance is worse

than simply finetuning the trained model after 20 epochs. We believe speaker-aware

persistent memory method works better on general speaker adaptation given that the

sampled i-vectors form the speaker space to capture any speaker knowledge. It is not

designed to adapt to some specific speakers. Using the gradual pruning method alone

has lower WER than finetuning at the initial stage, but surprisingly it overfits more than

the finetuning method after 20 epochs. Lastly, we combine the feature adaptation and

model adaptation methods, and it achieves our best result. It outperforms the baseline

with up to 20.58% relative WER reduction, and surpasses the finetuning method by up

to relative 2.54%. We see that the feature adaptation method and the model adaptation

method we propose complement each other, as the combined model result surpasses each

individual one.

We want to analyze the performance of the rest non-target speaker data to see if

catastrophic forgetting happens. From Figure 3.5(b), all target speaker adapted models

perform slightly worse than the baseline, which is expected. Combining feature adapta-

tion and model adaptation could alleviate catastrophic forgetting problem effectively. It

generally outperforms finetuning in Figure 3.5(b).
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Table 3.4: Baseline and Multi-speaker Adaptation Results of Four Target Speakers in
WER

Baseline Multi-speaker Adaptation

Speaker 1 19.9 18.5

Speaker 2 13.0 14.0

Speaker 3 34.9 29.6

Speaker 4 14.3 16.0

Average 20.53 19.53

3.3.5 Multi-speaker Adaptation

We use the four speakers sampled in Section 3.3.4 to examine multi-speaker adaptation.

The average performance is reported above, while each individual speaker performance

is drawn in Fig. 3.6. Given the baseline of each speaker in Table 3.4, the unified speaker

adaptation approach is very effective in target speaker adaptation. From the trendlines

in Figure 3.6, the performance is relatively stable with increasing training epoch on the

low-resource data (10 utterances), and it exemplifies the effectiveness of our method in

reducing the overfitting issue.

Next, we test the multi-speaker adaptation technique discussed in Section 3.2.3. Since

the same model is catered for multiple speakers, and the same amount of free parameters

𝜃𝑃 are now distributed among them, each target speaker gets less model capacity for

adaptation in a sense, and it would need less training epoch before the overfitting signal

appears. We verified this experimentally as well. Compared with the optimal results at

training epoch 15 in Figure 3.6, we only train the multi-speaker data for 5 epochs. The

results are listed in Table 3.4. Our multi-speaker adaptation technique is efficacious and

outperforms the baseline with 4.87% relative improvement. On top of this, we have two

other findings. First, the performance of each speaker in the multi-speaker adaptation

model is inferior to that of uni-speaker adaptation in Figure 3.6, which is expected.

As analyzed above, the same model is adapted for multiple speakers concurrently, so
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each speaker gets less model capacity consequently. Second, we notice that the target

speakers actually affect each other during training, and improving on one speaker will

in turn brings worse performance to other speakers. It again confirms the difficulty and

complexity of developing a multi-speaker adapted model. Overall, our proposed multi-

speaker adaptation approach is effective.

3.4 Analysis

3.4.1 Number of Speaker I-vectors 𝑁

We investigate the influence of the number of speaker i-vectors 𝑁 in the speaker space.

Less speaker i-vectors brings less speaker-related knowledge, and they may not be able to

represent speaker space well. However, as tested by Fan et al. [94], more speaker i-vectors

does not necessarily improve the model performance, or may even deteriorate the results.

Fan [94] claims that the model could easily identify the speaker i-vector in the training

data when more speaker i-vectors are provided, and it in turn hurts the model’s learning

ability to combine basic i-vectors.

Different numbers of speakers are randomly selected from the training data, rang-

ing from 16 to 251 (all speakers). Speaker aware persistent memory is applied on all

encoder layers. It can be seen from Fig. 3.7 that the performance improves with the

number of i-vectors in the speaker space increasing from 16 to 64. This exemplifies the

effectiveness of speaker aware persistent memory, that introducing speaker i-vector helps

capture speaker knowledge. Furthermore, adding more speaker i-vectors gives more di-

verse speaker information. Afterwards, increasing the number of i-vectors does not affect

much. We believe this is because 64 i-vectors are good enough to capture enough speaker

variation. Thus, increasing the number of i-vectors will neither add value further nor

deteriorate the performance.

3.4.2 Number of Layers Applied with Speaker Aware Persistent

Memory

We take a look at the encoder layers to which speaker aware persistent memory is applied.

For these layers, there is a component of speaker knowledge in the hidden layer vectors.
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Table 3.5: Speaker Aware Persistent Memory Results (WER) with 64 Speaker I-vectors
Applied on Different Layers

Encoder Layers Applied Test clean Test other

Baseline 12.0 29.7

Lower Half (1-6) 11.2 28.6

Higher Half (7-12) 10.9 28.1

All (1-12) 10.5 28.3

The results are summarized in Table 3.5. When we apply speaker aware persistent

memory on all the encoder layers (layer 1-12), it achieves the best result on the clean test

set (Test clean), and overall it brings relative 4.7%-12.5% WER reductions. Applying it

on higher encoder layers (layer 7-12) performs better than applying it on lower encoder

layers (layer 1-6). Compared with lower layers, encoder output from higher layers has

more abstract and global information. In contrast, encoder output from lower layers

comes from raw features and has more phonetic information. Thus, introducing i-vector

will be of less use in the lower encoder layers. We notice that the improvement on the

noisy test set (Test other) is moderate only. This is mainly because our 100h LibriSpeech

training data is all clean data. The mismatch of training and test data deteriorates the

performance.

3.4.3 Learnable Attention Score between Utterances and Per-

sistent Memory

We would like to verify if our proposed speaker aware persistent memory really captures

speaker knowledge using LibriSpeech dataset. WER reduction on all datasets could not

prove or disprove from this perspective. Since we use the fixed speaker space, we plot

the learnable attention scores between an utterance and persistent memory vector 𝑀𝑘 ,

which is the learned transformation of 64 speaker i-vectors, after softmax computation

from Eq. (3.5), averaged over all time steps of the utterance. The plot on top of Fig-

ure 3.8 shows attention scores of ten different utterances from the same speaker. Given
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the ten different utterances with the only common ground of coming from the same

speaker, they show similar pattern of attention scores, which clearly shows that certain

speaker knowledge is captured. On the other hand, in the middle of the figure, the atten-

tion scores of ten random utterances from ten different speakers are quite random. The

dataset does not provide one common utterance from different speakers, so we have to

select random utterances. We take average attention scores along the entire utterance,

which will mitigate acoustic variation among different utterances to some extent. Here

we also present the attention scores of ten utterances from the same speaker in a trans-

former model using randomly initialized 𝑀𝑘 as in [14] at the bottom of the figure, which

is meant to capture general knowledge. From the irregular plot, it does not seem to cap-

ture speaker-related knowledge. From here, we conclude that speaker aware persistent

memory captures speaker knowledge.

3.4.4 Pruning Rate

We test different pruning rates of the gradual pruning approach. Results are shown in

Figure 3.9. Less pruning rate keeps more parameters for the general speaker data, and

has less learning capability to target speaker. It is more suitable for simple adaptation

tasks. Higher pruning rate generates a more sparse network and is more flexible for

speaker adaptation, except that it retains less original model parameters, thus forgets

more on the general speaker data. It can be seen from Figure 3.9 that pruning 10% of

encoder parameters achieves the best result.

3.4.5 Pruning Time During Model Training

We use the gradual pruning method to prune to target sparsity for every 10k training

steps. One-time pruning at the initial/middle/final stage of the overall training is tested

for comparison as well. We train for 100 epochs, and initial/middle/final stage pruning is

done at 0/50/100 epoch respectively. Gradual pruning and one-time pruning will reach

the same sparsity level after the training. Here we use either gradual or one-time pruning

at different stages during training, and show the best results of finetuning for 15 epochs.

Table 3.6 shows that gradual pruning works better than one-time pruning, be it initial,
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Table 3.6: WER Results of Gradual Pruning versus One-time Pruning

Model Target Speaker

Baseline 19.9

One-time Pruning at Initial Stage 16.2

One-time Pruning at Middle Stage 17.6

One-time Pruning at Final Stage 16.0

Gradual Pruning 15.9

Table 3.7: Characteristics of Utterances Selected as the Extremely Low-resource Adap-
tation Data

Utterance(s) 1 5 10

Total No. of Words 32 104 174

Total Duration (s) 15.00 40.00 67.17

middle or final stage of the training. Compared with one-time pruning, gradual pruning

could learn and prune at the same time. In particular, gradual pruning follows the train

prune cycle, and is capable of iteratively learning the unpruned parameters after less

contributing parameters are pruned. For the one-time pruning, pruning at an earlier

stage has the advantage to let the model learn the unpruned parameters based on the

pruned ones in the remaining training of the model, but pruning earlier has the risk to

prune important parameters since the model is not well learnt yet, vice versa for pruning

late. Hence, gradual pruning works the best.

3.4.6 Extremely Low-resource Adaptation Data

Lastly, we would like to see the extremely low-resource adaptation data scenarios. We

reduce the amount of adaptation data and compare the performance with the baseline,

where no adaptation is performed. The characteristics of the adaptation data selected

are listed in Table 3.7. From Figure 3.10, when the amount of adaptation data is reduced
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from 10 utterances to 5 utterances, the results are similar to that of 10 utterances at the

initial training stage, and could outperform the baseline by up to relative 18.59%. With

less adaptation data, the model overfits much faster, especially in the case of having only

1 utterance for adaptation. However, even with only 1 utterance, it could surpass the

baseline by up to relative 6.53% with only 5 epochs of training. Therefore, even with

extremely low-resource adaptation data such as 1 utterance, our method is effective with

fast adaptation.

3.5 Chapter Summary

This work proposes a unified speaker adaptation approach consisting of feature adap-

tation and model adaptation. Speaker-aware persistent memory model makes use of

speaker i-vectors to adapt at the feature level, and we use the gradual pruning approach

to retrieve a subset of model parameters for adaptation at the model level. We fur-

ther refine our method for multi-speaker adaptation scenario by distributing the pruned

free parameters among target speakers equally, randomly, and simultaneously. We find

that our proposed method is effective in terms of speech recognition accuracy in differ-

ent speaker adaptation scenarios. Our method could effectively address the problem of

having unknown speakers in the test data, and it learns utterance level speaker knowl-

edge compared with simply appending the attention with speaker i-vectors. Compared

with previous model adaptation approaches, our method saves the trouble of intuitively

adapting a certain subset of model parameters to prevent overfitting. It can alleviate

catastrophic forgetting problem as well by retaining the informative subnetwork. In the

low-resource speaker adaptation aspect, the proposed method gives a great performance.
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Fig. 3.5: WER results of target speaker (a) and non-target speakers (b). Finetune:
directly finetuning the entire model as Eq. (3.8). I-vec: speaker-aware persistent memory
method proposed in Section 3.2.1 by adding i-vectors. Pruning: gradual pruning proposed
in Section 3.2.2. Pruning+I-vec: combining the feature adaptation and model adaptation
methods proposed. The dotted lines are the second order polynomial trendlines.
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Fig. 3.6: WER results of target speakers versus training epoch. The dotted lines are the
second order polynomial trendlines.
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Fig. 3.7: Speaker aware persistent memory results (WER) applied on all the encoder
layers for different number of speaker i-vectors.
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Fig. 3.8: Attention scores between ten utterances and persistent memory vector 𝑀𝑘 .
Top: All utterances from same speaker and 𝑀𝑘 is learned transformation of 64 speaker i-
vectors. Middle: All utterances from different speakers and 𝑀𝑘 is learned transformation
of 64 speaker i-vectors. Bottom: All utterances from same speaker and 𝑀𝑘 contains 64
randomly initialized vectors [14]. Attention scores shown are after softmax computation
and averaged over all time steps of each utterance.
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Fig. 3.9: WER results of target speaker with different pruning rates. The dotted lines
are the second order polynomial trendlines.
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Fig. 3.10: WER results of target speaker with different amount of adaptation data. The
dotted lines are the second order polynomial trendlines.
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Cross Attention with Monotonic

Alignment

In this chapter, we aim to further improve the transformer model for ASR from the

monotonic alignment perspective. Monotonic alignment between text output and speech

input is a unique feature of ASR, unlike all other tasks like machine translation or sum-

marization where the input and output are not matched in time dimension. Therefore,

utilizing this feature and modifying the transformer architecture accordingly is a promis-

ing direction, as transformer was proposed to take all the contexts of input.

The approach taken in this chapter is motivated by the self-attentional acoustic mod-

els [155], which applies attention biasing in the encoder self-attention network to account

for the context locality. Instead of applying on the acoustic encoder, our idea focuses on

the cross attention module to consider the text-speech alignment. The attention biasing

part is the same as the self-attentional acoustic models [155] to limit the attention range

locally. However, one remarkable difference is that for cross attention module, locating

the alignment position between text and speech is necessary and critical. Comparatively,

for the self-attention network in the encoder, the attention biasing is centered at the

input frame itself to capture local information. Imprecise alignment between text and

speech could lead to inaccurate encoder information.

This chapter is organized as follows. Section 4.1 first provides the motivation for

taking advantage of monotonic alignment. Some previous studies in this direction are also

introduced. Section 4.2 then gives a full picture of our proposed algorithm. Experiments
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are carried out in Section 4.3 to evaluate the performance of our approach as well as

some analysis. Section 4.4 concludes this chapter.

4.1 Introduction

4.1.1 Motivation

Chapter 2 reviewed the model architecture of the transformer. In Figure 2.6, transformer

model relies on self-attention network and cross attention network to capture direct

pairwise relationships in the respective contexts. Its cross attention from decoder hidden

states to encoder hidden states is the same as the cross attention in the long short-

term memory (LSTM) based encoder-decoder model, i.e. attending to the entire speech

utterances and obtain corresponding attention weights for decoding (Eq. (2.30)). This

model architecture can disperse the attention distribution over the entire input, which

is important for some sequence-to-sequence tasks, such as neural machine translation

(NMT). However, when it comes to ASR, the same architecture may not work well, as

monotonic alignment between text output and speech input is a characteristic of ASR.

Dispersing the attention to input speech parts which are less relevant to current decoder

output could lead to wrong encoder information and wasted attention weights.

This finding motivates us to utilize the monotonic alignment feature and modifying

the transformer architecture accordingly. We review some prior works along this direction

first and analyzing their drawbacks.

4.1.2 Prior Works

Several studies make use of the monotonic alignment feature. CTC [61–63] and its ex-

tensions (RNN-T [11], recurrent neural aligner (RNA) [156]) used monotonic alignment

position to locate the local encoder representations for current token prediction, as in-

troduced in Section 2.2.1. [15] proposed using the CTC output as alignment reference

by getting both the first position of consecutive outputs and any non-consecutive output

position, as illustrated in Figure 4.1. This is because of the compression rule of CTC

output, which is explained in Section 2.2.1. However, their alignment depends heavily
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Fig. 4.1: Alignment obtained from CTC output in [15].

on CTC output accuracy, and the result cannot compete with state-of-the-art speech

recognition results.

The recently proposed CIF model [157] integrated along input speech frames and

triggered an output once an alignment boundary is found. They calculate a set of weights

which indicate the amount of information contained in each hidden state. Afterwards,

the weights are summed up along the time dimension, and a threshold is set to specify

an alignment boundary. If the sum exceeds the boundary, current weight is split into

two parts, where the left part belongs to previous label, and the right part is taken as

the next label (Figure 4.2). They also introduce a quantity loss to rescale the weight

based on the number of labels, so as to have a correct number of labels split by the

boundary. However, their soft and monotonic alignment is affected by background noise

greatly, since noise term will influence the integration and alignment boundary location,

affecting the final accuracy.

4.1.3 This Work

In order to achieve better alignments between output and input for speech recognition

under the sequence-to-sequence framework, here we propose a straightforward and effec-

tive cross attention biasing method for the transformer model that takes output-input

alignments into consideration. The reason why we propose this approach is because our

method does not reference CTC output, which is highly dependent on CTC output ac-

curacy. Furthermore, our method does not add additional parameters on encoder hidden

states.
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Fig. 4.2: Continuous integrate and fire to locate the label boundary.

The approach taken in this chapter is motivated by the self-attentional acoustic mod-

els [155], which applies attention biasing in the encoder self-attention network to account

for the context locality. Instead of applying on the acoustic encoder, our idea focuses

on the cross attention module to consider the text-speech alignment. We take advan-

tage of cross attention weights as a reference of output-input alignment to be used in

current cross attention computation. In particular, we apply a Gaussian mask on atten-

tion weights centered at the alignment position. Additionally, we introduce a regularizer

which regularizes alignment between output and input to encourage monotonicity. Since

lower layers of the Transformer capture more acoustic and local information [158], we

apply our cross attention biasing on lower layers of the Transformer model, and leave

the cross attention at higher layers to attend to entire speech input to capture global

information. Our results on LibriSpeech 100h dataset show that our proposed model

yields 14.5%-25.0% relative word error rate (WER) reductions.

4.2 Model Architecture

4.2.1 Cross Attention with Alignment

Our proposed transformer model with modified cross attention that considers monotonic-

ity between text output and speech input is introduced in this section. As explained

earlier, the alignment information is beneficial for the decoder to attend to the corre-

sponding input speech frames for decoding. This is more beneficial for the decoder at
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lower layers, where the model captures more local than global information [158]. In this

way, the decoder could focus more on aligned speech input.

4.2.1.1 Alignment

Our objective is to find alignment between text output and speech input. Inspired

by [159], which used recurrent neural network and proposed location-based attention

mechanism computed by previous attention weights, we take advantage of current cross

attention weights to locate the alignment position in the input and apply it on the trans-

former model. Given that a speech input and its corresponding text transcript should be

most similar in the embedding space, we propose to take the position with the maximum

cross attention weight as the input alignment position for the current decoder input,

as the cross attention weight is an indication of the closeness between text output and

speech input.

For any text hidden vector 𝑦𝑖 in the decoder, the cross attention weight 𝛼𝑖 𝑗 to the

encoder final output 𝑥 𝑗 in 𝑋 = (𝑥1, ..., 𝑥𝑛) is:

𝛼𝑖 𝑗 = softmax(
(𝑦𝑖𝑊𝑄) (𝑥 𝑗𝑊𝐾)𝑇

√
𝑑𝑘

), (4.1)

where 𝑊𝑄 ,𝑊𝐾 ∈ R𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑘 are the linear transformation matrices. Since we take the

position with the maximum cross attention weight as the alignment position, 𝑥𝑘 aligns

with 𝑦𝑖 if:

𝛼𝑖𝑘 ⩾ 𝛼𝑖 𝑗 ∀ 𝑗 ∈ (1, 𝑛), 𝑗 ≠ 𝑘, (4.2)

𝑖 and 𝑘 are the aligned output and input positions respectively, which will be used for

cross attention computation.

4.2.1.2 Cross Attention Biasing

Attention biasing was proposed in [155] for improving the performance of self-attention

acoustic model. Different from it, we propose to use attention biasing on the relevant

part of encoder output under the cross attention framework. In particular, we add a

Gaussian mask to the attention weights centered at the alignment position of encoder

output which matches current decoder input most, which we name as soft attention
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Fig. 4.3: Cross attention weight diagram before and after applying soft attention biasing.
𝑋 = (𝑥1, ..., 𝑥8) are encoder final layer output vectors. Text outputs consist of sub-words
”f ir st”. Grey shade represents the cross attention score between each encoder and
decoder vector. Darker shade means higher score value. Squares that arrows point to
represent the aligned positions identified using Eq. (4.2).

biasing. The mask keeps the attention weight at the alignment position, and the weight

is gradually diminished when moving away from the position. In this way, the cross

attention could focus more on the local aligned speech section. The attention weight is

defined as:

𝛼𝑖 𝑗 = softmax(
(𝑦𝑖𝑊𝑄) (𝑥 𝑗𝑊𝐾)𝑇

√
𝑑𝑘

+ 𝑀𝑖 𝑗 ), (4.3)

where 𝑀𝑖 𝑗 is the Gaussian attention mask defined in the following way:

𝑀𝑖 𝑗 =
−( 𝑗 − 𝑘)2

2𝜎2
, (4.4)

where 𝑦𝑖 aligns with 𝑥𝑘 , and 𝜎2 is a Gaussian variance such that the aligned position has

more attention weight value. Figure 4.3 shows the cross attention weights between text

sub-words and encoder final layer output vectors before and after applying soft attention

biasing.

61



Chapter 4. Cross Attention with Monotonic Alignment

Besides the soft attention biasing, we also try to mask all the attention weights

behind current alignment position while keeping the left hand side attention weights,

which we call it as hard attention biasing. The hard attention biasing could maintain

the autoregressiveness in the model, and is the typical masking applied in the standard

transformer decoder. We will compare these two attention biasing techniques in our

experiments.

4.2.1.3 Algorithmic Details

Firstly, we add 𝑛 look-ahead frames after the alignment position. This is motivated by

the benefit of adding some look-ahead frames after the alignment position for location-

aware attention in [15]. Adding some look-ahead frames has the effect to include some

future information, which was found to be beneficial. Eq. (4.4) in this case becomes:

𝑀𝑖 𝑗 =
−( 𝑗 − (𝑘 + 𝑛))2

2𝜎2
. (4.5)

Secondly, we apply cross attention biasing at lower layers of the decoder as Eq. (4.3)

to capture local information. We define lower half of the decoder layers as lower layers,

and upper half of the decoder layers as higher layers. This is motivated by [158] that

the model captures more local than global information at lower layers. With the cross

attention biasing, the cross attention could focus more on the local context at lower layers.

At higher layers where more global information is learned by the model, we remove the

bias term and follow original cross attention model as Eq. (4.1) to attend to larger range

of speech frames. In this way, our proposed method could fuse the local and global

span of information, where the lower layers capture local context and the higher layers

capture global information. This is different from the hybrid global and local attention

proposed in [160]. [160] transforms each hidden state into a gating scalar to indicate the

ratio between global and local attention. Thereafter, a weighted sum of global and local

attention is taken in the self-attention network.

4.2.2 Monotonic Alignment Regularization

Alignment positions between the output and input should be strictly monotonic in the in-

put sequence for speech recognition. In order to regularize alignment using the technique

62



Chapter 4. Cross Attention with Monotonic Alignment

above, we propose a regularizer term to achieve monotonicity. For an encoder output

𝑋 = (𝑥1, ..., 𝑥𝑛) and a text transcription embedding from the decoder 𝑌 = (𝑦1, ..., 𝑦𝑚), we

define the following misalignment loss as the regularization term:

𝑙𝑜𝑠𝑠𝑚𝑖𝑠𝑎𝑙𝑖𝑔𝑛 =

𝑚∑︁
𝑙=1

𝜎(𝑘 𝑙 − 𝑘 𝑙+1), (4.6)

where 𝜎 is the sigmoid function and 𝑘 𝑙 is the position in 𝑋 that 𝑦𝑙 aligns to. In other

words, we want the alignment of 𝑦𝑙 to be in front (before) of the alignment of 𝑦𝑙+1 in

𝑋. This is a local regularization as we only compare every two consecutive alignment

positions and penalize if there is a misalignment.

Under the CTC and attention hybrid multi-task learning framework, the proposed

training criterion for improving the monotonic alignment between text output and speech

input becomes:

𝑙𝑜𝑠𝑠 = 𝛼 ∗ 𝑙𝑜𝑠𝑠𝑐𝑡𝑐 + (1 − 𝛼) ∗ 𝑙𝑜𝑠𝑠𝑎𝑡𝑡 + 𝑙𝑜𝑠𝑠𝑚𝑖𝑠𝑎𝑙𝑖𝑔𝑛, (4.7)

𝑙𝑜𝑠𝑠𝑐𝑡𝑐 = −ln𝑃(𝑦 |𝑥), (4.8)

𝑙𝑜𝑠𝑠𝑎𝑡𝑡 =
∑︁
𝑢

ln𝑃(𝑦𝑢 |𝑥, 𝑦1:𝑢−1), (4.9)

where 𝛼 is the ratio of CTC model loss in hybrid model.

4.3 Experiments

4.3.1 Experimental Setup

We use ESPnet speech recognition toolkit and LibriSpeech corpus for our experiments

[39, 45]. The training dataset is 100 hour clean training data uttered by 251 speakers,

and the development and test dataset are the default LibriSpeech development and test

dataset, where each is around 5 hours and contains 2600 to 3000 utterances. LibriSpeech

consists of 16kHz read English speech from audiobooks [39]. Input features are generated

by 80-dimensional filterbanks with pitch on each frame, with a window size of 25ms shifted

every 10ms. We remove utterances with more than 3000 frames or 400 characters to avoid

the excessive use of memory. We adopt the CTC and AED joint decoding [35], where
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Table 4.1: WER results on LibriSpeech 100h

Model Test clean Test other

Baseline transformer 12.0 29.7

Encoder-Decoder-Attention [161] 14.7 40.8

Encoder-Decoder-Attention

(with data augmentation) [162] 15.1 -

LAS Model [163] 12.9 35.5

output takes 30% of CTC output probability and 70% of attention output probability.

The convolutional frontend before transformer encoder is two 2D convolutional neural

network layers [13] with filter size (3,2), each followed by a ReLU activation. In the

transformer model, the attention dimension 𝑑𝑚𝑜𝑑𝑒𝑙 is 256, and feedforward network hidden

state dimension 𝑑 𝑓 𝑓 is 2048, there are 4 attention heads, encoder layer number 𝑁𝑒 is

12 and number of decoder layers 𝑁𝑑 is 6, the initial value of learning rate is 5.0, the

attention dropout rate is 0.0, and the encoder and decoder dropout rate is 0.1. We adopt

the unigram sub-word algorithm with maximum 5000 vocabularies [154].

4.3.2 Experimental Results

4.3.2.1 Baseline System

We use the default settings of ESPnet transformer model as our baseline [45, 66]. From

Table 4.1, the baseline model result is comparable with other end-to-end models [161–163]

trained using Librispeech 100h dataset.

4.3.2.2 The Proposed System

First, we explore the number of look-ahead frames included as mentioned earlier using

two attention biasing techniques, i.e., soft attention biasing and hard attention biasing.

The standard deviation 𝜎 in the Gaussian mask (Eq. (4.4)) is initialized to 100 as in [155].

In both cases, we apply attention biasing on all the decoder layers. The results are shown
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Fig. 4.4: WER results of different numbers of look-ahead frames on LibriSpeech
Test other set. Soft and hard attention biasing are applied on all decoder layers.

in Figure 4.4. We can see that look-ahead frame does not affect much for soft attention

biasing. This is because we employ a Gaussian mask with a large learnable variance, so

slight movement of Gaussian center position will have less impact. Figure 4.5 shows how

the Gaussian mask standard deviation of each head evolves during training. It slowly

increases for all four attention heads during training with a small scale. However for

hard attention biasing, since it depends entirely on the correctness of alignment position

identified, careful tuning of this hyperparameter is required. Only when we add more than

5 look-ahead frames in this case, hard attention biasing has comparable performance with

soft attention biasing. To save the effort of tuning parameter, we employ soft attention

biasing with 5 look-ahead frames in the following experiments.

Second, the number of decoder layers applying cross attention biasing is explored.

As mentioned earlier, model captures more local than global information at lower layers.

Table 4.2 lists the experimental results. From the results, using cross attention biasing

at the lower layers (layer 1-3) can get slightly better results than at higher layers (layer

4-6). It is consistent with the previous results, that is, lower layers capture more local

information, while higher layers capture more global information [158].
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Fig. 4.5: Gaussian mask standard deviation for each of attention head at each training
epoch.

We investigate the effect of all three techniques used in our proposed method, that

includes adding look-ahead frames, applying on lower layers of the decoder (layer 1-3),

and monotonic alignment regularization. Table 4.3 lists the experimental results. We

also test any two combination out of the three techniques by specifying missing which

technique, e.g. w/o look-ahead frames refers to using the techniques of applying on

lower layers of the decoder and monotonic alignment regularization, and so on for the

other two. It can be seen that these three techniques are equally important, as missing

any one of them results in similar performance deterioration (row 3-5). For the last

technique to encourage monotonic alignment between text output and speech input, we

have tried to equally segment the input speech length based on output text length and

then find alignment from corresponding speech frames to ensure monotonicity, but the

results cannot surpass our alignment regularization method. Altogether, combination of

all three techniques achieves our best result.

The last row of Table 4.3 lists the hybrid global and local attention approach [160].

Our model has 1.9%-4.3% relative WER reductions compared with [160]. Our model

applies cross attention biasing on lower three decoder layers, and the rest decoder layers

use standard cross attention. While in [160], it mixes two mechanism together with a
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Table 4.2: WER results of applying cross attention biasing on different layers on Lib-
riSpeech 100h

Decoder layers applied Test clean Test other

baseline 12.0 29.7

layer 1-3 9.4 25.9

layer 4-6 9.5 26.2

layer 1-6 9.4 26.0

Table 4.3: WER results of cross attention biasing and alignment regularization on Lib-
riSpeech 100h

Model Test clean Test other

baseline 12.0 29.7

our proposed method 9.0 25.4

w/o look-ahead frames 9.3 25.9

w/o applying on layer 1-3 9.4 26.0

w/o alignment regularization 9.4 25.9

hybrid global+local model [160] 9.4 25.9

gate derived from encoder hidden states. It is questionable on how much encoder hidden

states can tell the importance of global versus local attention.

4.4 Chapter Summary

In this chapter, we introduce an effective cross attention biasing technique through mak-

ing use of cross attention weights. In order to constrain the monotonic alignment attribute

between text output and speech input, we propose a regularizer term to achieve mono-

tonicity. Under the cross attention framework, attention biasing limits the speech context

range given alignment information. Experiments on LibriSpeech dataset denoted that
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our proposed model is effective. Comparing with the baseline system, there are 14.5%-

25.0% relative WER reductions. Comparing with the hybrid global and local attention

method, there are 1.9%-4.3% relative WER reductions.
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Universal Speech Transformer

In this chapter, we turn our attention to the challenging tasks of fixed number of encoder

and decoder layers in the transformer model. Predefining the number of encoder and

decoder layers is a natural step not only in the transformer model, but also in the standard

encoder-decoder model.

The approach taken in this chapter is motivated by the recurrent nature in the re-

current neural network (RNN) model, which could process variable length sequences of

inputs. Instead of recurrency in the time dimension, the model in our approach focuses

on the depth dimension, i.e., processes inputs with dynamic number of encoder and de-

coder layers, up to a maximum number of layers defined beforehand. Another notable

difference from RNN model is that RNN shares parameters across different time steps of

the sequence, whereas the model parameters are not shared across different layers in our

approach.

This chapter is organized as follows. Section 5.1 first provides the motivation for

introducing dynamic number of encoder and decoder layers to bring inductive bias and

avoid hyperparameter tuning. Some previous studies in this direction are also introduced.

Section 5.2 then gives a full picture of our proposed method named universal speech

transformer. Experiments are carried out in Section 5.3 to evaluate the performance of

universal speech transformer. Section 5.4 concludes this chapter.
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5.1 Introduction

5.1.1 Motivation

Chapter 2 discussed the fixed numbers of encoder and decoder layers in the transformer

model, which limits its computation capability. Fixed number of encoder and decoder

layers is common not only in the transformer model, but also in the standard encoder-

decoder model, as seen in Section 2.2.2. However, this predetermined feature is not the

optimal solution.

On the one hand, compared with RNN and long short-term memory (LSTM) net-

works which have iterative or recursive computation, speech transformer model loses the

recurrent inductive bias, which is helpful to tackle tasks of varying complexity. Each

input speech time step goes through the same and fixed numbers of encoder and de-

coder layers to compute the final output, regardless of the fact that different speech time

steps differ in phoneme obscurity and noise level, thus may require different computa-

tion resources. It will be better to provide different number of encoder/decoder layers

for different input time steps. On the other hand, determining the numbers of encoder

and decoder layers requires careful tuning for each dataset to achieve the optimal per-

formance. Speech transformer model itself was tested for performance in [13] with 5

different depth combinations of encoder and decoder. This step is quite manual and

resource consuming.

This finding motivates us to develop dynamic number of encoder and decoder layers

to address the issues above. We review some prior works along this direction first and

analyzing their drawbacks.

5.1.2 Prior Works

There are several studies dealing with the depth of encoder and decoder building blocks.

They mostly target at increasing the model depth to enlarge the modeling capability, so

as to further improve the model performance.

In [7], it builds a deeper encoder by adding residual blocks and using multiple CNN

layers before bidirectional LSTM network. Adding the residual block has the benefit to
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pass the input information from the beginning to the model output in a shorter path. In

this way, the model could preserve the input information without increasing the training

error percentage. Besides, it helps in tackling the vanishing gradient problem using

identity mapping. The time-depth separable convolution model [164] trains very deep

convolutional encoders via a soft attention window pre-training scheme. It dramatically

reduces the number of parameters in the model while keeping the receptive field large.

[165] proposes a very deep transformer architecture with up to 48 encoder and decoder

layers to enlarge the computation capability. It also applies stochastic residual layers to

improve generalizability and to prevent overfitting. However, these methods still require

us to tune depth related hyperparameters, e.g. [165] tested 9 different depth combinations

with depth ranging from 4 layers to 48 layers.

Different from [165], [166] trains very deep transformer models (up to 40 layers) and

then randomly drop layers at training time in order to do efficient layer pruning at

inference time. Figure 5.1 presents the idea of layer pruning. During training time, the

network layers are randomly dropped. In this way, the network is trained to be robust to

pruning, so that during test time, the network can be pruned to any depth on demand.

This method could get better model in the sense that during layer pruning, the model will

select layers based on their importance and only retain those layers useful for modeling.

Again it has the same drawback of determining the layer depth by setting the pruning

rate.

5.1.3 Inspiration from Universal Transformer

Recently, M. Dehghani et al. [167] proposes the universal transformer model, which

achieves the state-of-the-art results on LAMBADA language modeling task. It has

the transformer-like architecture and uses a dynamic per-position halting mechanism

to choose the required number of layers for each input time step dynamically, which

exactly addresses the issues with speech transformer analyzed above.

In this work, we successfully introduce the universal transformer model to ASR task

and we term our model as universal speech transformer. To the best of our knowledge,

this is the first work regarding the dynamic encoder and decoder depth in ASR. The re-

current nature of universal transformer best suits the needs of recognizing phonemes with
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Fig. 5.1: Randomly drop layers at training time.

different complexity and noise level, at the same time dynamically learning the encoder

and decoder depth, which relieves the burden of tuning depth related hyperparameters.

However, universal transformer model has two problems when applied on ASR. First,

it adds the depth embedding and positional embedding repeatedly for each layer, which

dilutes the acoustic information carried by hidden representation. Second, it performs a

partial update of hidden vectors between layers, which is less efficient compared to the

full update given the same number of update. To tackle these two problems, we remove

the depth embedding and only add the positional embedding once at the transformer

encoder frontend, and we replace the partial update of hidden representations between

layers with a full update.

On the LibriSpeech, Switchboard and AISHELL-1 ASR datasets, our proposed uni-

versal speech transformer model outperforms a baseline by 3.88%-13.7%, and achieves

better results with much less computation cost compared with the very deep transformer
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model using 36 encoder layers and 12 decoder layers in [165]. From the experimental

results, it can be seen that the number of encoder layers required varies among different

input time steps and different datasets, which further substantiates the value of dynamic

depth over fixed depth for datasets with varying complexity.

5.2 Model Architecture

5.2.1 Universal speech transformer

Universal speech transformer is based on the popular speech transformer model, which

we refer the reader to Section 2.2.4 for full details. Same as speech transformer, the core

module of universal speech transformer is the multi-head attention network. The main

change is on the dynamic encoder and decoder depth. Speech transformer model has

fixed encoder and decoder depth. Compared with RNN and LSTM networks which have

iterative or recursive computation, speech transformer loses the recurrent inductive bias.

Universal speech transformer addresses this issue with dynamic encoder and decoder

depth. The overall framework of universal speech transformer is presented in Figure 5.2.

The adaptive computation time technique [168] is applied to each input time step to

calculate the required computation resources, in this case the numbers of encoder and

decoder layers, before emitting the final outputs. Each input speech time step requires

different level of computation resources due to obscurity of different phonemes and noise

variation along the utterance. So does each text input. In particular, for the hidden state

𝐻 𝑗 = (ℎ 𝑗1, ..., ℎ
𝑗
𝑡 ) ∈ R𝑡×𝑑 in 𝑗 𝑡ℎ layer, a probability vector at 𝑖𝑡ℎ time step is calculated by

a sigmoid function:

𝑝
𝑗

𝑖
= 𝑘𝜎(𝑊ℎ 𝑗

𝑖
+ 𝑏), (5.1)

where 𝑊 ∈ R𝑑×1, 𝑏 ∈ R1, 𝑘 is a scaling factor, 𝑊 , 𝑏 and 𝑘 are shared across all layers,

𝑖 ∈ [1, 𝑡], 𝑗 ∈ [1, 𝐿], 𝐿 is the maximum depth defined beforehand. This probability

calculated at each hidden state for each time step is treated as an indicator on whether

current hidden state has encoded adequate information.
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The halting probability is the summation of the probability calculated in Eq. (5.1),

which denotes the probability to emit the final output at 𝑖𝑡ℎ time step in 𝑗 𝑡ℎ layer:

ℎ𝑎𝑙𝑡
𝑗

𝑖
=

𝑗∑︁
𝑘=1

𝑝𝑘𝑖 . (5.2)

If the halting probability reaches the threshold, we deem current number of layers is

sufficient for encoding the input at current time step. The number of encoder or decoder

layers required at each input time step is decided when the halting probability reaches

the threshold, or when the encoder or decoder reaches the maximum depth 𝐿:

𝑁𝑖 = min(𝐿,max(𝑛′ : ℎ𝑎𝑙𝑡𝑛
′
𝑖 ≤ 1 − 𝜖)), (5.3)

where 𝜖 is a small constant (0.01 in this paper).

The number of encoder or decoder layers is therefore the maximum number of layers

among all input time steps:

𝑁 = max(𝑁𝑖) 𝑖 ∈ [1, 𝑡] . (5.4)

The input at each time step 𝑖 emits the corresponding output at 𝑁 𝑡ℎ
𝑖

layer. For the

input time steps where the outputs are emitted earlier than the other time steps, i.e.

𝑁𝑖 < 𝑁, the last hidden states are carried forward until all the time steps emit the

outputs or when the encoder or decoder reaches the maximum depth. The hidden state

at 𝑖𝑡ℎ time step in 𝑗 𝑡ℎ layer is thus:

ℎ
𝑗

𝑖
=

{
ℎ
𝑗

𝑖
1 ≤ 𝑗 ≤ 𝑁𝑖,

ℎ
𝑁𝑖

𝑖
𝑁𝑖 < 𝑗 ≤ 𝑁.

(5.5)

We illustrate the adaptive computation time technique for calculation of the numbers

of encoder and decoder layers in Figure 5.3. Each hidden state computes a probability

to determine whether it halts at current layer, i.e. reach the required number of layers.

Hidden state shaded in grey means the current time step halts already, but because

there are other time steps which have not reached the required numbers of layers, this

time step hidden state is replicated over to the next layer (by thick arrow). Otherwise,

the computation between each layer is through the standard transition function (by
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thin arrow), in this case the transformer encoder or decoder multi-head attention and

feedforward network.

5.2.2 Modifications on universal transformer model

As mentioned earlier, universal transformer model has two problems when applied on

ASR. Therefore, we make two modifications to the original universal transformer model

here. Firstly, universal transformer model adds both the positional embedding and the

depth embedding repeatedly for each encoder and decoder layer as Eq. (5.6) and Eq. (5.7).

𝑃𝐸
𝑑𝑒𝑝

(𝑝𝑜𝑠,2𝑖) = sin(𝑝𝑜𝑠/100002𝑖/𝑑) + sin(𝑑𝑒𝑝/100002𝑖/𝑑), (5.6)

𝑃𝐸
𝑑𝑒𝑝

(𝑝𝑜𝑠,2𝑖+1) = cos(𝑝𝑜𝑠/100002𝑖/𝑑) + cos(𝑑𝑒𝑝/100002𝑖/𝑑), (5.7)

where 𝑝𝑜𝑠 is the position, 𝑑𝑒𝑝 is the depth, 𝑑 is the positional and depth embedding

dimension, and 𝑖 is the ith dimension.

For the universal speech transformer, we do not add the depth embedding for each

encoder and decoder layer. Only the positional embedding is added once before the

repeated building blocks as Eq. (5.8) and Eq. (5.9). This is based on the assumption

that adding the positional and depth embeddings iteratively for each layer will dilute

the acoustic information carried by hidden representation, given that each speech frame

under analysis only has a window size of 25ms and does not contain much time-domain

information. In contrast, universal transformer encodes the word embedding. A word

possibly spans tens of analysis frames in ASR context, so a word embedding contains

much richer information, and it will be of less influence to repeatedly add the positional

and depth embeddings. Besides, the average depth in our model (around 21) is much

higher than the average depth in the universal transformer model (around 8 in LAM-

BADA language modeling), so adding the depth embedding repeatedly for each layer

has more impact in our model. Additionally, adding the depth embedding to each layer

provides the depth information to the hidden representation and may be beneficial for

calculating the optimal encoder and decoder depth. However, depth information is al-

ready implicitly embedded in the hidden representation, which is calculated progressively
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from layer to layer. Removing the depth embedding does not affect the dynamic encoder

and decoder depth computation.

𝑃𝐸(𝑝𝑜𝑠,2𝑖) = sin(𝑝𝑜𝑠/100002𝑖/𝑑), (5.8)

𝑃𝐸(𝑝𝑜𝑠,2𝑖+1) = cos(𝑝𝑜𝑠/100002𝑖/𝑑). (5.9)

Secondly, in each layer of the universal transformer model, hidden representation is

updated as below using 𝑝
𝑗

𝑖
calculated from Eq. (5.1):

𝐻 𝑗+1 = [𝑝 𝑗1, ..., 𝑝
𝑗
𝑡 ] ∗ 𝐻 𝑗+1 + (1 − [𝑝 𝑗1, ..., 𝑝

𝑗
𝑡 ]) ∗ 𝐻 𝑗 , (5.10)

where 𝐻 𝑗+1 is the transformed state after multi-head attention and feedforward network

and 𝐻 𝑗+1 is the updated state, i.e. it only performs a partial update of hidden state by

a 𝑝
𝑗

𝑖
probability, with the addition of previous hidden state by a 1 − 𝑝 𝑗

𝑖
probability. The

partial update is not very efficient, and calculating hidden state as Eq. (5.10) requires

more times of update and deeper layers to reach the optimal hidden state, which in turn

may bring the vanishing gradient problem. To avoid this problem, and given that our

model is already very deep, we use the transformed state 𝐻 𝑗+1 directly as the next layer

hidden representation without the probability factor to perform an efficient full update.

We will test these two modifications in experiments.

5.3 Experiments

5.3.1 Datasets

We conduct experiments with the universal speech transformer model on three publicly

available datasets, including LibriSpeech [39], Switchboard [40] and AISHELL-1 [36].

LibriSpeech consists of 16kHz read English speech from audiobooks. Switchboard is a

300 hour corpus of conversational English telephone speech. AISHELL-1 is a 16kHz

Chinese Mandarin speech corpus recorded by 400 speakers from different accent areas in

China. The characteristics of the datasets are summarized in Table 5.1.
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Table 5.1: Details of datasets used for experiments

LibriSpeech

Training set 100h

Test clean set 5.4h

Test other set 5.1h

Switchboard

Training set 300h

SWBD set 2.1h

CallHome set 1.6h

AISHELL-1

Training set 150h

Test set 5h

5.3.2 Experimental setup

We use Espnet toolkit [45] for experiments. Input acoustic features are 80-dimensional

filterbanks extracted with a window size of 25ms shifted every 10ms, which are mean

and variance normalized. Utterances longer than 3000 frames or 400 characters are

discarded to keep memory manageable. In the training stage, the input samples are

shuffled randomly and trained with batch size 12. We adopt the unigram sub-word

algorithm with maximum vocabulary size being 5000. The two CNN layers at the bottom

of encoder in Figure 5.2 have filter size (3,2) and stride 2, each followed by a rectified

linear unit (ReLU) activation. For multi-head attention network, the attention dimension

is 256, the number of attention heads is 4, the dimension of feedforward network is 2048.

For universal speech transformer related hyperparameters, the maximum depth 𝐿 in

encoder is 24, and the maximum depth 𝐿 in decoder is 16, the scaling factor 𝑘 is set as
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Table 5.2: WER results of end-to-end speech recognition models on LibriSpeech 100h

Model Test clean Test other

End-to-end (E2E) [161] 14.7 40.8

E2E with augmented data [162] 15.1 -

LAS [163] 12.9 35.5

Baseline 12.0 29.7

Table 5.3: Two modifications on universal transformer model on LibriSpeech 100h

Model Test clean Test other

Baseline 12.0 29.7

Universal transformer 24.2 43.7

The proposed model 11.3 28.3

w/o remove depth embedding 19.5 37.8

w/o full hidden state update 15.0 32.1

0.25. During experiments, the dynamic depth for encoder and decoder obtained tends

to be small, so we set a minimum depth for encoder and decoder, i.e. the model only

performs dynamic depth computation after the minimum depth is reached. Based on the

encoder and decoder depth combinations tested by [165], we set the minimum depth for

encoder to 10, and 6 for decoder. The initial value of the learning rate is 5.0, the encoder

and decoder dropout rate is 0.1. We have a strong baseline as shown in Table 5.2, which

comes from the best results well designed in Espnet toolkit.

5.3.3 Results

We first test the two modifications on the universal transformer model analyzed in Section

2.2 using LibriSpeech 100h dataset. From Table 5.3, using universal transformer model
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directly for speech recognition deteriorates performance a lot compared to the baseline.

The universal speech transformer model using the efficient full hidden state update and

removing the depth embedding for each layer achieves the best performance. We believe

that using the full hidden state update facilitates the encoder or decoder to obtain the

optimal hidden representation. Removing the depth embedding is most efficient, and it

confirms our assumption that adding depth embedding repeatedly for each layer dilutes

the acoustic information in hidden representation.

Next, we compare our proposed method with [165], which did 9 test runs and set

a good benchmark for various encoder and decoder depth combinations on transformer

model. The results of three datasets are summarized in Table 5.4. [165] tested 9 encoder

and decoder depth combinations ranging from 4 layers to 48 layers, and the best combi-

nation is using 36 encoder layers and 12 decoder layers. They further did an ensemble of

three models (row 2, 3, 4 of Switchboard experiments) to achieve their optimal perfor-

mance (row 5 of Switchboard experiments). It can be seen that their approach is very

tedious and manual, and the choice of the best model is purely by trial and error. In

comparison, our model has the capability to choose the best layer depth for each input

time step. Our model surpasses the baseline by 3.88%-13.7%, and outperforms [165] on

all three datasets.

Subsequently, we would like to see if depth variation is related to noise level or lan-

guage. To analyze the influence of noise, we split Librispeech test other data by different

signal to noise ratio (SNR). Number of utterances and average encoder depth for each

dataset is listed in Table 5.5. Intuitively, speech mixed with noise is more difficult to rec-

ognize and needs more computation resources, i.e. it should have higher average encoder

depth for lower SNR. From Librispeech dataset, we can find that average encoder depth

for noisy data (test other dataset) is slightly higher than clean data (test clean dataset),

but within noisy data, there is no clear correlation between average encoder depth and

SNR. From language perspective, AISHELL-1 dataset composed of Chinese Mandarin

utterances has average encoder depth in between Librispeech and Switchboard dataset,

both of which consists of English utterances, so no conclusion can be made from here.

Phoneme obscurity may affect the average encoder depth as well.

We randomly sample two utterances from Switchboard dataset and compare the recog-

nition result with the baseline in Figure 5.4. It can be seen that for both cases, wrong
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words near the end of the utterances predicted by the baseline are corrected by our

model with relatively higher number of layers in those time steps. In addition, we cal-

culate the average encoder depth across all speech time steps for three datasets and list

them in Table 5.5. The average numbers of encoder layers are all around 21 in three

datasets. Compared with [165] which deploys 36 encoder layers, our model dynamically

determines the encoder and decoder depth for each input time step with significantly

less training cost overall, which further demonstrates the value and potential of universal

speech transformer model.

5.4 Chapter Summary

In this work, we introduce the universal speech transformer, which generalizes speech

transformer with dynamic encoder and decoder depth for each input time step. Our

model is capable of tackling tasks of varying complexity by bringing the recurrent induc-

tive bias to speech transformer model, as well as relieving the burden of tuning depth

related hyperparameters. It outperforms the baseline by 3.88%-13.7%, and achieves bet-

ter performance than 36 layer encoder model with much less computation cost.
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Fig. 5.2: Universal Speech Transformer model architecture.
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Fig. 5.3: Example of adaptive computation time technique with 4 input time steps.
Maximum number of layers 𝐿 is 5 here. Illustration is applicable to both encoder and
decoder.
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Table 5.4: Comparison with very deep transformer model on all three datasets

Model Switchboard (WER)

SWBD CallHome All

Baseline 8.8 18.0 13.4

36Enc-12Dec [165] 10.4 18.6 -

48Enc-12Dec [165] 10.7 19.4 -

60Enc-12Dec [165] 10.6 19.0 -

Ensemble of above 3 [165] 9.9 17.7 -

The proposed model 8.3 17.3 12.8

Model AISHELL-1 (CER)

Dev Test

Baseline 6.4 7.3

36Enc-12Dec [165] 6.4 7.3

The proposed model 5.8 6.3

Model LibriSpeech 100h (WER)

Test clean Test other

Baseline 12.0 29.7

36Enc-12Dec [165] 12.8 30.4

The proposed model 11.3 28.3
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Fig. 5.4: Number of encoder layers required 𝑁𝑖 in Eq. (5.3) for each time step 𝑖 and
average encoder depth of two randomly sampled speech utterances from Switchboard
test dataset.
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Table 5.5: Number of utterances and average encoder depth across all speech time steps
for three datasets

Dataset No. of utterances Depth

Librispeech

Test clean 2620 21.118

Test other (All) 2939 21.268

Test other 30≤SNR 898 21.312

Test other 25<SNR≤30 245 21.270

Test other 20<SNR≤25 200 21.263

Test other 15<SNR≤20 172 21.190

Test other 10<SNR≤15 97 21.258

Test other 5<SNR≤10 109 21.265

Test other 0<SNR≤5 1218 21.248

Switchboard

All 4458 21.738

AISHELL-1

Test 5741 21.428
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Conclusions and Future Directions

This thesis has focused on improving the transformer model architecture for ASR, which

is the mainstream model architecture in NLP and speech fields. The reason behind is

ASR has its own characteristics, for example monotonic alignment between text output

and speech input. Without taking this into consideration, cross attention will disperse the

attention to the entire speech utterance. This means the cross attention may not be able

to focus on the corresponding speech input aligned with the current text output, which

is both inefficient and imprecise. Besides, speaker adaptation is an exclusive problem in

ASR. ASR performance could drop drastically should the test speaker data deviates a

lot from training speaker data. This is because the model trained on training speaker

data does not adapt well on unseen speakers. Transformer model has its drawback as

well, like the static number of encoder and decoder layers, which needs careful parameter

tuning to achieve the best performance. Compared with other models such as recurent

neural network, transformer model loses the recurrent inductive bias. Moreover, the fixed

number of encoder layers is unable to recognize phonemes with different complexity and

noise level dynamically.

Because transformer model is developed very recently in 2017, and only applied for

ASR in 2019, there is less research work along this direction to improve the transformer

model for ASR. This thesis has developed novel approaches accordingly, to boost the ASR

performance from three perspective, namely, addressing the speaker adaptation problem

in ASR, resolving text output speech input misalignment issue in speech transformer

model and improving on the static number of encoder layers in transformer. To conclude
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the work, Section 6.1 first summarizes the contributions proposed in this thesis. Finally,

Section 6.2 discusses some of the future directions that can be explored, and the challenges

that are still to be faced.

6.1 Contributions

This thesis highlights three areas of contributions. The first proposed model focuses on

speaker adaptation problem in ASR. The second proposed model aims at resolving text

output speech input misalignment issue in speech transformer model. The third method

improves on the static number of encoder layers in transformer. All of them target at

improving the transformer model architecture for ASR.

6.1.1 Speaker Adaptation [1, 2]

We propose a unified speaker adaptation approach that can be deployed for general

speaker adaptation, specific target speaker adaptation and multi-speaker adaptation. A

speaker-aware persistent memory model [1] is presented to capture speaker knowledge

through the persistent memory in order to generalize better to unseen test speakers,

which belongs to the feature adaptation method. In particular, speaker i-vectors from

the training data are sampled and concatenated to speech utterances in each encoder

layer, and the speaker knowledge is learnt through attention computation with speaker

i-vectors. Furthermore, a model-based gradual pruning approach is deployed to free up

partial model encoder parameters for target speaker adaptation without sacrificing the

original model performance [2]. Finally, instead of only adapting to general speakers or

specific target speaker, we design a multi-speaker adaptation model capable of adapting

to multiple speakers simultaneously, which is practical in ubiquitous environment with

multiple users. We distribute the pruned free parameters among target speakers equally,

randomly, and simultaneously for multi-speaker adaptation.

Our proposed approach brings relative 2.74-6.52% WER reduction on general speaker

adaptation, and outperforms the baseline with up to 20.58% relative WER reduction on

target speaker adaptation. The proposed multi-speaker adaptation scheme is effective

with a 4.87% relative improvement in the WER over the baseline. Even with extremely
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low-resource adaptation data (e.g., 1 utterance), our method could improve the WER

by relative 6.53% with only a few epochs of training, which demonstrates the superiority

and robustness of our proposed methods.

6.1.2 Text Speech Alignment [3]

We propose an effective cross attention biasing method for the transformer model that

takes output-input alignments into consideration. Our method does not reference CTC

output, which is highly dependent on CTC output accuracy. Furthermore, our method

does not add additional parameters on encoder hidden states by utilizing existing atten-

tion weights. We take advantage of cross attention weights as a reference of output-input

alignment to be used in current cross attention computation. In particular, we apply a

Gaussian mask on attention weights centered at the alignment position. Additionally,

we introduce a regularizer which regularizes alignment between output and input to en-

courage monotonicity. Since lower layers of the Transformer capture more acoustic and

local information, we apply our cross attention biasing on lower layers of the Transformer

model, and leave the cross attention at higher layers to attend to entire speech input to

capture global information. Experiments on LibriSpeech dataset find that our proposed

model can obtain improved output-input alignment for ASR, and yields 14.5%-25.0%

relative WER reductions.

6.1.3 Static Number of Encoder Layers [4]

The final work focuses on improving the static number of encoder layers. We propose

the universal speech transformer with dynamic number of encoder layers [4]. It suits

the needs of recognizing phonemes with different complexity and noise level, and relieves

the burden of tuning depth related hyperparameters. This is achieved by generating

a halting probability at each hidden state to indicate whether it has enough layers for

encoding current input. Universal transformer adds the depth and positional embed-

dings repeatedly for each layer, which dilutes the acoustic information carried by hidden

representation, and it also performs a partial update of hidden vectors between layers,

which is less efficient especially on the very deep models. For better use of universal
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transformer, we modify its processing framework by removing the depth embedding and

only adding the positional embedding once at transformer encoder frontend. This is same

as the original transformer model. Furthermore, to update the hidden vectors efficiently,

especially on the very deep models, we adopt a full update. This means we drop the

component of previous layer hidden state together with the halting probability, and use

the latest layer hidden state only as the representation.

On the LibriSpeech, Switchboard and AISHELL-1 ASR datasets, our proposed uni-

versal speech transformer model outperforms a baseline by 3.88%-13.7%, and achieves

better results with much less computation cost compared with the very deep transformer

model using 36 encoder layers and 12 decoder layers in [165]. From the experimental

results, it can be seen that the number of encoder layers required varies among different

input time steps and different datasets, which further substantiates the value of dynamic

depth over fixed depth for datasets with varying complexity.

6.2 Future Directions

The objective of this thesis is to improve the transformer model architecture for ASR.

We have achieved this from three perspective, i.e., addressing the speaker adaptation

problem in ASR, resolving text output speech input misalignment issue in speech trans-

former model and improving on the static number of encoder layers in transformer. Our

experiments have shown that our approaches could improve ASR WER a lot, and we

have provided extensive analysis on our methods. In spite of the effectiveness of our

approaches in boosting the ASR performance, these are some limitations. We discuss

some future directions of each work below.

6.2.1 Speaker Adaptation

6.2.1.1 Analysis on multi-speaker adaptation

First, for the speaker adaptation problem, our method is applicable to general speaker

adaptation, specific target speaker adaptation and multi-speaker adaptation. In spite

of its effectiveness, our research on the multi-speaker adaptation scenario is still at the
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preliminary stage. In our experiments, we randomly sampled 10 utterances from four

speakers in the test dataset as the additional training data. We did not take the speaker

characteristics into consideration, such as gender of speakers and their similarity. Model

trained on one speaker may transfer well to similar speakers. Besides, research on how

the number of speakers, amount of utterances affect the multi-speaker adaptation are

interesting future topics. Generally speaking, the more the number of speakers, the more

difficult it is for the model to adapt to all of them at the same time. More utterances of

target speakers should help the model adapt to the target speakers.

6.2.1.2 Integrate speaker i-vector extraction and ASR

Another drawback of our feature adaptation method is that we have to do pre-processing

on the training data to obtain speaker i-vectors. This is not a truly end-to-end method.

One interesting direction is to combine speaker i-vector extraction and ASR into one

end-to-end model by multi-task learning. Having meaningful speaker i-vectors provides

useful speaker-related information to ASR task.

6.2.1.3 Diversify the speaker i-vectors sampled

Last, in our proposed approach, we randomly sampled 𝑁 speaker i-vectors from the

training data, and we assume their combinations could cover the entire speaker space, i.e.

any unknown speaker information could be represented by the weighted sum of speaker

i-vectors. During experiments, we need to tune the number 𝑁 for enough speaker i-

vectors. Although our tuning experiment results could provide some insight for the

number of speaker i-vectors sampled of new datasets, it is better to tune the number 𝑁

for each new dataset. Besides, the speaker i-vectors sampled also affect the final model

performance. One future work could be analyzing the influence of speaker i-vectors

sampled. For example, increasing the diversity of speaker i-vectors may in turn require

less speaker i-vectors to reach the same model performance.
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6.2.2 Text Speech Alignment

6.2.2.1 Improving on speech encoding

For the text speech alignment, our idea is to obtain the text output speech input align-

ment and perform a local attention based on the alignment position. There are two

potential problems with our proposed approach. First, obtaining the text output speech

input alignment in our proposed model is determined by taking the maximum cross at-

tention weights. This requires an accurate encoding of speech input, so that the cross

attention weights correctly reflect the feature relevance between speech and text. In our

proposed method, we have added a monotonicity regularization term in the loss function

to refine the alignment positions obtained. Another method could be using the pretrained

speech model, so that the speech embedding has rich information beforehand, and our

method could further assist in ASR task.

6.2.2.2 Global monotonicity regularization

Second, the monotonic alignment regularization we propose is performed in a local con-

text, not globally over the entire utterances. We compare every two consecutive alignment

positions and penalize the misalignment. However, this is only a local optimal solution.

For example, if every alignment positions obtained is delayed by some speech frames, the

speech encoding applied with attention biasing will be wrong embeddings. However, if

the misaligned positions are still monotonically increasing, our alignment regularization

cannot capture these wrong alignments, as they are not misaligned locally. Developing

an algorithm to identify the misalignment globally over the entire utterances could be

one interesting direction.

6.2.3 Static Number of Encoder Layers

6.2.3.1 Exploring the computation resource difference

For the static number of encoder layers problem, our universal speech transformer could

load encoder/decoder layers dynamically. We are surprised to find out that our approach

could at the same time tell the level of difficulty to encode among different inputs through
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the number of encoder layers required. The more the number of encoder layers, the more

difficult it is to encode the speech input frame. With this, our method is capable of

indicating the computation resource requirement, and we are interested in exploring the

computation resource differences between different language, between pretrained and

non-pretrained models, and between clean and noisy speech.
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H. Ney, “Rwth asr systems for librispeech: Hybrid vs attention,” in INTER-

SPEECH 2019 – 20th Annual Conference of the International Speech Communica-

tion Association, 2019, pp. 231–235.

112



REFERENCES

[162] A. Bérard, L. Besacier, A. C. Kocabiyikoglu, and O. Pietquin, “End-to-end auto-

matic speech translation of audiobooks,” in 2018 IEEE International Conference

on Acoustics, Speech and Signal Processing (ICASSP). IEEE, 2018.

[163] K. Irie, R. Prabhavalkar, A. Kannan, A. Bruguier, D. Rybach, and P. Nguyen,

“On the choice of modeling unit for sequence-to-sequence speech recognition,” in

INTERSPEECH 2019 – 20th Annual Conference of the International Speech Com-

munication Association, 2019.

[164] A. Hannun, A. Lee, Q. Xu, and R. Collobert, “Sequence-to-sequence speech recog-

nition with time-depth separable convolutions,” in INTERSPEECH 2019 – 20th

Annual Conference of the International Speech Communication Association, 2019.

[165] N.-Q. Pham, T.-S. Nguyen, J. Niehues, M. Müller, S. Stüker, and A. Waibel, “Very
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