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Chapter 1

Introduction

Conversational artificial intelligence (AI) systems, such as voice assistants and meeting
transcription systems, have become increasingly prominent in various aspects of daily life,
particularly with the advancement of deep learning techniques. Among the many tasks
involved in conversational AI systems, automatic speech recognition (ASR) and spoken
language understanding (SLU) are two essential components. ASR refers to the transcription
of a speech signal sequence into a linguistic token sequence such as a sequence of words,
while SLU involves the extraction of relevant text information from the speech, such as
user intent or the name of a restaurant that has been mentioned. The performance of both
ASR and SLU has benefited from the implementation of deep neural networks (DNN),
which enable the development of end-to-end trainable systems that can tackle both tasks as
sequence-to-sequence problems.

End-to-end trainable neural-based systems for ASR and SLU are extensively used in
applications with dynamically changing contexts, which require them to handle important
content words that may be infrequent or absent in the training data. However, such systems
often exhibit suboptimal performance on such words, since they are trained with static
parameters on specific datasets. As a result, it becomes both crucial and challenging for these
end-to-end trainable systems to incorporate dynamic contextual knowledge to enhance the
performance on these rare and infrequent words and phrases. One promising approach to
address this challenge is contextual biasing.

Contextual biasing aims at integrating contextual knowledge into end-to-end trainable
ASR and SLU systems and has a broad application in a range of domains. Such contextual
knowledge is typically represented in the form of a biasing list, which contains words or
phrases (referred to as biasing words) that are likely to occur in a given context. Sources
of biasing lists may include user contact books, recently visited websites, information from
presentation slides or the ontology of a dialogue system. Biasing words are often rare content
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words, such as nouns or proper nouns, that are critical to downstream tasks and therefore carry
significant value. Incorporating them in the biasing list can improve the system performance
on those words, which also leads to better controllability over these end-to-end systems.

Dedicated approaches have been proposed to achieve contextual biasing based either on
shallow fusion (SF) or deep context methods. SF-based biasing involves interpolating the
model output with a special weighted finite-state transducer (WFST) or language model (LM)
adapted to incorporate contextual knowledge. Meanwhile, deep context methods usually rely
on an attention mechanism to extract information from the biasing list into a compact vector
representation which is used as an auxiliary input to end-to-end systems.

This thesis focuses on the tree-constrained pointer generator (TCPGen) as a novel neural
component for contextual biasing that has been successfully applied to both end-to-end ASR
and SLU systems. As a trainable neural component, TCPGen builds a neural shortcut to
directly bias the output distribution with a dynamic interpolation factor to improve system
flexibility. TCPGen structures the biasing list into a prefix tree which enables it to handle large
biasing lists containing thousands of words. As a result, TCPGen combines the advantages
of both SF and deep context methods. This thesis also includes dedicated training and
decoding methods for TCPGen, graph neural networks (GNN) prefix-tree encodings, and the
application of TCPGen to SLU tasks.

In this chapter, end-to-end ASR and SLU are introduced. Then the thesis outline is
presented, followed by highlighting the main contributions.

1.1 ASR and SLU

This thesis covers the topic of contextual knowledge integration in end-to-end neural-based
ASR and SLU systems, where both ASR and SLU problems are introduced below.

1.1.1 End-to-end ASR

ASR is a task that involves the transcription of speech signals into linguistic tokens. The
development of high-performing ASR systems has been a topic of active research for several
decades. Traditionally, ASR has been achieved using the noise source-channel model
(SCM), which treats the observed speech signal as the output of a noisy channel with the
intended text as its input. Typically, hidden Markov models (HMMs) are employed as
the backbone modelling approach, with deep neural networks (DNNs) used to model the
likelihood of the observation sequence based on a hidden state sequence. The SCM adopts
a modular framework that decomposes the ASR problem into smaller sub-tasks, such as
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acoustic modelling and language modelling. A multi-stage pipeline, which includes front-end
processing, feature normalisation, sequence training, adaptive training, and decoding, is used
to combine the various components and produce the desired output. It is easier to incorporate
structured contextual knowledge in this modular framework, such as a lexicon or WFSTs,
which allows the recogniser to perform robustly, even with limited resources.

In contrast to the modular design in SCM, recently, the rapid advancement of learning
algorithms and computing hardware has led to the design of single end-to-end trainable
models. These models have achieved comparable or even superior performance compared to
SCM in ASR. This thesis specifically concentrates on two such models, namely the attention-
based encoder-decoder (AED) model and the recurrent neural transducer (RNN-T) model,
both of which have been integrated with TCPGen.

The architecture of AED comprises three main components, namely the encoder, attention
mechanism, and decoder. In the context of ASR, the encoder transforms input acoustic
features into a sequence of hidden representations, while the decoder uses an attention
mechanism to generate one output token at a time based on all previous outputs. Unlike SCM-
based systems, AED models jointly optimise the acoustic and language models. Attention in
AED requires seeing the entire audio sequence before generating transcriptions, making it
challenging to recognise in streaming mode.

RNN-T is an alternative end-to-end system that has been widely used for ASR, which is
easy to work in streaming mode. RNN-T contains an encoder, a predictor and a joint network.
As AED, the encoder encodes the input acoustic features into a sequence of hidden vectors.
The predictor in RNN-T is analogous to the LM in an SCM, which encodes the previously
decoded tokens into a compact vector for next-token prediction. The joint network combines
the acoustic and language information from the encoder and predictor respectively. RNN-T
makes a prediction of zero or more tokens followed by a null symbol, ?, at each encoder
step, and the recognition result is obtained by removing ? symbols.

As end-to-end trainable neural systems, both AED and RNN-T integrate all knowledge
into a single static system and often exhibit degraded performance on content words that are
rare or unseen in the training set, and contextual knowledge serves as a promising remedy
to improve the performance of those words. However, compared to the SCM approach
which integrates contextual knowledge relatively easily by customising certain modules e.g.
the lexicon, it is more challenging for end-to-end systems. Therefore, it is imperative to
investigate both efficient and effective dynamic contextual knowledge integration methods
for end-to-end systems.



4 Introduction

1.1.2 End-to-End SLU

The goal of SLU is to accurately comprehend the intent and context of spoken language
and to extract relevant information from it. This typically involves slot filling and intent
classification. Intent classification is the task to classify the user intent in an utterance into
one of the predefined intent types. Slot filling aims at filling the correct value for predefined
slots (e.g. restaurant and hotel names). The development of accurate SLU systems is crucial
for enabling effective human-machine interactions in many conversational AI systems such
as task-oriented spoken dialogue systems.

SLU has traditionally been achieved using rule-based and statistical methods, but with
recent advances in deep learning techniques, neural-based models have become increasingly
popular. Earlier approaches adopted a two-stage pipeline where an ASR model is first
employed to obtain the transcription, and a natural language understanding (NLU) component,
which is trained with text-only data, is then run on the transcription to get intent and slot-
filling information. While the intent is determined by performing classification based on the
compact vector extracted using a DNN representing the entire utterance, slot filling is often
achieved by sequence tagging approaches, where tags indicating whether a token belongs
to a specific slot are predicted for all tokens in the sequence. Alternative approaches also
re-formulate slot filling as a sequence-to-sequence natural language generation (NLG) task,
where the value of a slot is generated by providing text-based queries to the system (e.g. what
is the name of the restaurant). More recently, both tagging and generation systems for NLU
significantly benefit from fine-tuning a pre-trained large LM (LLM) with intent or slot-filling
output layers.

1.2 Thesis Outline

This thesis starts with relevant background knowledge about DNNs, ASR and SLU. Then,
the contributions in contextual biasing for ASR and SLU using TCPGen are provided. In
this section, the overview of each chapter is given, including references to the corresponding
papers.

• Chapter 2 covers the fundamental elements of DNNs, including their basic building
blocks such as types of neural network layers and activation functions. It then intro-
duces training algorithms and regularisation methods that improve training for DNNs.
It also covers the fundamentals of Transformer and foundation models.

• Chapter 3 first provides a brief review of SCM, and then introduces end-to-end trainable
ASR and SLU systems. For ASR, AED and RNN-T are introduced respectively,
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including various network structures of the systems, the training and the inference
algorithms. For SLU, tagging and sequence-generation-based systems are introduced,
together with the use of pre-trained LMs in SLU.

• Chapter 4 proposes the TCPGen component for contextual biasing in end-to-end ASR
systems (Sun et al., 2021c). This chapter introduces the design considerations of
TCPGen as well as how it can be applied to both AED and RNN-T systems. Moreover,
a dedicated training algorithm that directly optimises the error rate of biasing words
is also proposed in this chapter, together with an internal LM discounting method for
TCPGen to reduce the effect of certain language patterns that the model memorises
from the training data (Sun et al., 2022a).

• Chapter 5 proposes the use of GNNs to encode the prefix-tree structure in TCPGen
(Sun et al., 2022b), which achieves the lookahead functionality that boosts TCPGen
performance. This chapter also introduces an audio-visual contextual ASR pipeline
where contextual knowledge is extracted from the visual modality via images of
presentation slides. This demonstrates the potential benefits of contextual biasing and
TCPGen in many other academic and educational applications.

• Chapter 6 extends the application of TCPGen to SLU tasks by proposing a slot shortlist
prediction method to obtain a more focused biasing list from structured KBs, together
with a TCPGen-style neural shortcut to bias the slot filling output (Sun et al., 2023b).
Furthermore, a knowledge-aware audio-grounded (KA2G) slot-filling framework based
on TCPGen (Sun et al., 2023a) is proposed by formulating slot-filling as a sequence
generation task taking speech inputs.

• The key conclusions and contributions are summarised in Chapter 7. Based on the
current findings with TCPGen, Chapter 7 also suggests several possible directions for
future work to further explore contextual biasing in conversational AI systems.

1.3 Contributions

The key contributions of this thesis are as follows.

• An effective contextual biasing component, TCPGen, is proposed for end-to-end
trainable ASR and SLU. This approach establishes a dynamic neural shortcut to the
model output that is both flexible and effective. TCPGen also constructs a prefix tree
which allows biasing lists containing thousands of words or phrases to be handled
efficiently.
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• The minimum biasing word error (MBWE) training algorithm is proposed for con-
textual biasing with TCPGen, which can be applied to both AED and RNN-T. A
biasing-word-driven LM discounting (BLMD) algorithm is also proposed for decoding
end-to-end systems with TCPGen.

• A GNN-based prefix-tree encoding that enables a lookahead functionality is proposed
for TCPGen. In particular, the tree recursive neural network (tree-RNN), graph convo-
lutional neural networks (GCN) and GraphSAGE are investigated for tree encodings.

• An audio-visual contextual ASR pipeline is proposed as a multi-modal setup for ASR.
This pipeline proposes to use contextual knowledge from the visual modality to bias
the ASR system, which showcases the potential advantages of incorporating contextual
biasing and TCPGen in various academic and educational domains in the future.

• TCPGen is also integrated into end-to-end SLU systems, where a slot shortlist can
be used to obtain focused biasing lists from the KB. Shortcuts are also built from the
TCPGen component in ASR to the slot-filling output, in both the tagging-based system
and the proposed sequence generation-based KA2G framework.

• The proposed TCPGen component for ASR and SLU has been thoroughly evaluated
across a wide range of English datasets, including LibriSpeech audiobook corpus,
augmented multiparty interaction (AMI) meeting data, SLU resource package (SLURP)
data, dialogue state tracking challenge (DSTC) data and the CONCIERGE multi-turn
dialogue data from industry.

• TCPGen with GNN encodings in ASR achieved over 60% relative WER reduction
on rare words on LibriSpeech, and over 30% on AMI slides rare words using the
audio-visual contextual ASR pipeline. The KA2G framework achieved further 1.4%
absolute increase in SLU-F1, with an 11.2% absolute SLU-F1 increase on unseen
entities compared to a strong pipeline approach.



Chapter 2

Deep Neural Networks

Artificial Neural Networks (ANN) are mathematical models that draw inspiration from
biological neural networks. These models can be viewed as a type of function that maps
input features or representations to the desired output space using non-linear transformations
(Bishop, 1995). ANNs can be represented as a directed and weighted graph composed
of interconnected groups of nodes. Each connection has an associated weight (the model
parameters), and each node is associated with a non-linear activation function. Deep Neural
Networks (DNNs) are a major subclass of ANNs, where multiple layers of nodes are present
between the input and output layers. DNNs have the ability to approximate complex functions
and are universal functional approximators. Increasing the depth and width of DNNs allows
more complex functions to be approximated (Goodfellow et al., 2016).

The deep learning paradigm has provided a robust and versatile framework for the
supervised learning of DNNs, which can be applied to classification or regression tasks. By
leveraging an adequate amount of input-output training data, the parameters of the model
can be learned to optimise a given objective criterion through the error backpropagation
mechanism (Rumelhart et al., 1986). DNNs have demonstrated superior performance on
various challenging tasks in computer vision, natural language processing, and speech
processing domains. The advancement in model architectures, training techniques, access
to large-scale datasets, and high-performance computing resources has led to the very
widespread use of DNNs in the field. In particular, in the area of speech processing, the use
of DNNs has revolutionised modelling approaches and performance.

This chapter presents an overview of DNNs and their learning procedures, which are foun-
dational concepts that will be used frequently throughout the thesis. It begins by introducing
the fundamental components of DNNs and subsequently explains diverse optimisation and
regularisation techniques that can be employed to improve the training of DNNs. Finally, it
introduces the Transformer (Vaswani et al., 2017) which has become the dominant technique
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in sequence-to-sequence modelling tasks. Foundation models (Devlin et al., 2019) that
are pre-trained with self-supervised learning (SSL) on large-scale datasets that can then be
fine-tuned to benefit downstream tasks will also be introduced alongside the Transformer.

2.1 DNN Building Blocks

2.1.1 Multilayer Perceptron

The multi-layer perceptron (MLP) (Bishop, 1995, Rosenblatt, 1962) is a fundamental type of
DNN. The aim of an MLP is to learn a set of parameters q to achieve the desired mapping
function f (x;q) which maps the input vector x to the output vector y, often via a series of
fully-connected (FC) layers. The form of an FC layer is defined in Eqn. 2.1.

h(l) = f (W(l)h(l�1) +b(l)), (2.1)

where h(l�1) is the input to the l-th layer which is either the output of the previous layer
l�1 or the input vector x if l = 1. W(l) and b(l) are the weight matrix and the bias vector
containing trainable model parameters for this layer and f is a non-linear scalar mapping
operating on each element of a vector, known as the activation function which will be
discussed later in this section. In an MLP, the output from the previous layer is connected to
the input of the next layer to form a chain, and the information flow is uni-directional from
the input to the output, as shown in Fig. 2.1. It is therefore a feed-forward model. Since
intermediate layers do not have corresponding desired outputs in the training data, these are
called hidden layers. The depth of a DNN is measured by the number of hidden layers.

x yh(1) h(2)

W(1);b(1) W(2);b(2) W(3);b(3)

Fig. 2.1 The architecture of a DNN with 2 hidden layers and one output layer.
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2.1.2 Activation Functions

The activation function, f (·), is a crucial component of MLPs, enabling deep neural networks
to perform effective non-linear modelling. Activation functions typically possess several
desirable properties, such as non-linearity, continuity, monotonicity, and computational
efficiency for derivatives. This section introduces four of the most widely used activation
functions, namely the rectified linear unit (ReLU), Sigmoid s(·), Tanh and Softmax. The
equations for the first three are shown in Eqn. 2.2, Eqn. 2.3 and Eqn. 2.4 respectively.

ReLU(x) = max(0,x), (2.2)

s(x) = (1+ e�x)�1, (2.3)

Tanh(x) = (ex
� e�x)(ex + e�x)�1, (2.4)

where max(·, ·) chooses the maximum value between the two arguments. Plots for each of
the three activation functions are shown in Fig. 2.2 together with the range of values each
can take.

ReLU: [0, +∞) Sigmoid: (0, 1) Tanh: (-1, 1)

Fig. 2.2 Plots and ranges of activation functions: ReLU, Sigmoid and Tanh.

These activation functions are usually used as the final computation step of a hidden layer
in MLP and are applied to each scalar element in the output vector. On the other hand, the
Softmax activation function as shown in Eqn. 2.5 is usually used in the final output layer for
classification tasks, or whenever categorical distributions are needed such as in the attention
mechanism since it forms a probability mass function over the classes.

Softmax(z)i =
ezi

ÂM
j=1 ez j

. (2.5)

Equation 2.5 shows the i-th element in the output vector of dimension M, which is derived
from the input z of the same dimension. Elements of z are often referred to as logits. Each
element in Softmax(z) is between 0 and 1, and the elements sum to 1.
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2.1.3 Convolutional Neural Networks

The convolutional neural network (CNN) (Lecun et al., 1989) is one widely used variation of
MLP which was first developed and applied to 2D image-related tasks in computer vision
(Krizhevsky et al., 2012). CNNs are very successful when applied to data where the temporal
and/or spatial correlations between input variables are crucial. The CNN is inspired by the
biological process in which cortical neurons respond to stimuli only in a restricted region.
As for MLPs, CNNs contain multiple hidden layers, and by grouping repeated computational
patterns together, CNN can be divided into a series of convolutional blocks. A typical
convolutional block consecutively performs convolution, pooling and non-linear activation,
and may also include normalisation and FC layers. The final output of the block sequence
will be arranged into a vector and passed through an FC output layer, as shown in Fig. 2.3.

Kernels Convolution output Pooling

*

*

*

N x convolution blocks

Input

Concatenate

MLP

Fig. 2.3 The architecture of a CNN with N hidden convolutional blocks.

• The convolution layer is the core of a CNN whose parameters are in the form of
trainable filters (i.e. kernels) usually having a small receptive field (e.g. 3⇥3). Given
the input to each layer, each filter is convolved across the width and height of the input,
computing the dot product between the entries of the filter and the input, which results
in a 2-dimensional map of that filter. Through training, the network learns filters that
activate when it detects a specific type of feature at some spatial positions in the input.

• A pooling layer is a form of non-linear down-sampling. Max pooling is the most widely
used algorithm which partitions the input image into non-overlapping rectangles and
for each rectangle, it outputs the element with the maximum value.

In CNNs, the convolution kernel is normally much smaller than the input features, which
allows it to perform feature extraction of a high-dimensional input using a relatively small
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number of parameters, which otherwise will result in extremely wide layers in MLP. The
small convolution kernels also enable CNNs to capture local shift-invariant features, which is
particularly beneficial for image data where a specific object should have similar representa-
tions no matter where it appears. In addition to computer vision, this characteristic of CNNs
has also been applied to speech and language fields such as speech recognition (Sainath et al.,
2013) and sentence classification (Kim, 2014).

2.1.4 Recurrent Neural Networks

The information flow in DNNs mentioned so far is uni-directional from the input to the
output (i.e. feed-forward), whereas the recurrent neural network (RNN) which deals with
sequential inputs, allows information feedback from the network output using a recurrent
structure. A uni-directional Elman RNN is shown in Fig. 2.4.

RNN2

RNN1

xt

yt

xt+1 xt+2 xt+3 xt+4

yt+4yt+3yt+2yt+1

x

y

h(1)
t h(1)

t+1 h(1)
t+2 h(1)

t+3 h(1)
t+4

h(2)
t+4h(2)

t+3h(2)
t+2h(2)

t+1h(2)
t

Fig. 2.4 The architecture of an RNN. Left: the folded RNN where the recurrence is shown by
the self-loop in the graph. Right: the unfolded RNN showing information flow at each step.

At each position or time step in the sequence, the RNN layer takes in both the input
vector, xt and the RNN layer output from the previous time, ht�1, also called the RNN hidden
state. The output of the RNN layer will again be used as the input to the next time step. By
modifying Eqn. 2.1, the computation of each RNN layer can be written as Eqn. 2.6.

ht = f (Whxt +Uhht�1 +bh), (2.6)

where Wh and Uh are both parameter weight matrices of the RNN layer. In addition to the
unidirectional RNN where hidden states are only carried from previous to future positions,
bi-directional RNNs allow hidden states to be carried from future positions to the previous
ones at the same time.

The RNN is trained using the back-propagation through time (BPTT) algorithm which
will be covered later. The model above exhibits a vanishing gradient problem (Bengio et al.,
1994) due to gradients of some activation functions such as the Sigmoid function1 which

1Note that ReLU RNN does not have vanishing gradient problem
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is often used for RNNs, being smaller than 1/4, such that long-term dependencies in the
sequence are poorly captured. Therefore, the following variant of RNN based on the gating
mechanism is introduced which yields better performance and is widely used nowadays.

2.1.4.1 Long Short-Term Memory

The long short-term memory (LSTM) (Hochreiter and Schmidhuber, 1997) network intro-
duces a specialised memory component, known as the memory cell which serves as a storage
of long-term information. The graphical illustration of the LSTM computation at time t is
shown in Fig. 2.5 below.

tanh

tanh

ot

ct

ht

ct-1

xt, ht-1

ft it

Fig. 2.5 Diagram of an LSTM cell. At the time step t, xt is the input vector, ht is the hidden
state and ct is the cell state.

The memory cell, usually represented by c, will be continuously visited and updated
using the gating mechanisms shown in Eqn. 2.7-2.9.

ft = s(W f
f xt +Wr

f ht�1 +Wm
f ct�1 +b f ), (2.7)

it = s(W f
i xt +Wr

i ht�1 +Wm
i ct�1 +bi), (2.8)

ot = s(W f
oxt +Wr

oht�1 +Wm
o ct +bo), (2.9)

where ft is the forget gate, it is the input gate and ot is the output gate. Then the update
equations for the hidden states are shown in Eq. 2.10 and Eq. 2.11.

ct = ft� ct�1 + it� f(W f
c xt +Wr

cht�1), (2.10)

ht = ot� f(ct). (2.11)

By inspecting the form of the memory cell which contains a gated connection to the memory
cell of the last step, and another gated connection to the information of the current step, i.e.
xt and ht�1, longer-term dependencies can be established via those gated connections.
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2.1.5 Attention Mechanisms

The attention mechanism is one of the most powerful components in sequence modelling
tasks which has significantly improved neural machine translation (Bahdanau et al., 2014)
when first introduced, and has been widely applied to various DNN structures in more
recent research (Wang et al., 2017, Zhang et al., 2019). The idea behind attention is to
model the inter-dependency between the input and the output by dynamically weighting
the importance of each part of the input using DNN-based scaling factors. While there are
multiple variants of attention mechanisms, this section will focus on additive attention and
dot-product attention. These methods are illustrated in 2.1.5.1 and two successful DNN
models that are constructed based on attention mechanisms are introduced in Chapter 3.

2.1.5.1 Additive and dot-product attention

Attention combines the input vector sequence by a weighted average where attention weights
are dynamically determined based on the input and/or output. Given a sequence of input
vectors x1:T to the attention layer, the output is formulated in Eqn. 2.12.

c =
T

Â
t=0

atxt , (2.12)

where a1:T is a set of attention weights which are obtained from a score function. The
calculation of the score function is similar to the process of querying a database, where
a query vector q is used to query a set of key vectors kt derived from the input sequence.
Following this naming convention, the vectors to be summed up, xt , are often referred to as
value vectors. Depending on how the score function is achieved, the attention mechanism
can be divided into additive and dot-product types. For additive attention, the score is defined
in Eqn. 2.13 and for dot-product attention, the score is defined in Eqn. 2.14.

st = vT tanh(W[q;kt ]). (2.13)
st = qT kt . (2.14)

where v and W are both parameters to be trained, and [·; ·] denotes vector concatenation
operation. The weights are thus determined by applying the Softmax activation function to
the score vector s = [s1,s2, ...,sT ]

a = Softmax(s). (2.15)
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When the query vector q is also derived from the same input sequence, the specific attention
mechanism is called self-attention. Furthermore, when multiple sets of attention weights
are obtained by deriving multiple sets of query-key pairs for the same input sequence, it is
referred to as the multi-head attention.

The attention mechanism has gained prominence in sequence-to-sequence tasks as it
overcomes the challenge of capturing a single hidden representation for increasingly longer
sequences. In contrast to compressing the information from a sequence into a fixed-length
vector, the attention mechanism allows the system to focus dynamically on different parts of
the input sequence in the transformed space. This technique effectively generates the desired
output in each position in the corresponding output sequence. The attention mechanism has
proved beneficial for machine translation tasks where input-to-output alignment is complex,
and the decoder needs to attend to various features linked to words in the input sequence at
different output steps. The attention mechanism has also inspired the development of novel
sequence models such as Transformers introduced later.

2.2 Optimisation

After introducing important neural network building blocks, this section will focus on the
optimisation of DNNs. The network optimisation, or network training, is the task to find the
set of model parameters, q that minimises the expectation of the given loss function L across
the true data distribution Pdata.

q ⇤ = argmin
q

Ex,y⇠Pdata [L( f (x;q),y)]. (2.16)

Optimisation starts with designing a suitable DNN structure and choosing an appropriate
loss function for a given task. Then, DNN parameters are initialised (see Section 2.2.4.1)
to achieve a good starting point for training. After initialisation, network training then
commences. Network training is an iterative procedure and the parameters are updated in
each iteration which usually comprises three steps. First, the loss function L is designed and
calculated for the intended task by performing the computation procedures of the DNN from
input to output, denoted as the forward pass. Then, the gradients of the loss with respect to
the model parameters are calculated from the final layer down to the first layer, denoted as
the backward pass. Finally, the model parameters are updated according to their gradients
using selected algorithms that work well with the task, such as stochastic gradient descent.
Furthermore, for better convergence and better generalisation to unseen data, normalisation
and regularisation techniques are usually applied.



2.2 Optimisation 15

2.2.1 Training Criteria and Cross-entropy Loss

A suitable training criterion should be selected that directly reflects the task the DNN is
expected to achieve, which is also one of the most important parts of deep learning. Most
DNNs adopt the maximum likelihood (ML) criterion, which estimates values of model
parameters that minimise the difference between the empirical data distribution defined by
the training data, and the distribution predicted by the model. However, as the true data
distribution is usually intractable, it is necessary to approximate the expected loss using data
samples, i.e. the training data. If the training data is D = {xi,yi}

N
i=1, the model predicts the

distribution of yi given xi. Assume the data distribution is Pdata and the model distribution is
P(y|x,q) where q represents model parameters, then the ML training criterion to obtain the
best parameter q ⇤ is shown in Eqn. 2.17.

q ⇤ = argmax
q

N

’
i=1

P(yi|xi;q) = argmax
q

N

Â
i=1

log P(yi|xi;q), (2.17)

where the product rule for probabilities applies here to compute the joint probability, assuming
data samples are independent, which can be converted into the sum of log probabilities. The
closed form of this loss depends on the form of the model distribution. Since most systems
considered in this report have Softmax output layers which produce a probability over all
possible values of scalar targets yi, the ML criterion can be written in Eqn. 2.18.

q ⇤ = argmin
q

L = argmin
q

�

N

Â
i=1

log P(yi|xi;q), (2.18)

where the argmax is replaced by argmin with an additional minus sign inserted to make it
a loss function that is to be minimised. This loss is often referred to as the cross-entropy
loss which is widely used in the training due to its simplicity and a close match to most task
objectives.

2.2.2 Error Back-propagation

Error back-propagation is the algorithm used to calculate the gradient of the loss function
w.r.t model parameters using the chain rule of partial differentiation. Taking the network in
Fig. 2.1 as an example, given loss function L, the gradient w.r.t. W(3) can be calculated in
Eqn. 2.19.

∂L

∂W (3)
i, j

=
∂L

∂yi

∂yi

∂W (3)
i, j

=
∂L

∂yi
·h(2)

j . (2.19)



16 Deep Neural Networks

If the elements in y are the logits before passing through the Softmax layer and the loss
function is cross-entropy, the gradient of y has a simple form as shown in Eqn. 2.20.

∂L

∂y
= p�y, (2.20)

where p is the vector representing the predicted label distribution. To calculate gradients for
the previous layer, the chain rule is applied which requires the gradient w.r.t. h(2) to be first
calculated.

∂L

∂W(2)
=

∂L

∂y
·

∂y
∂h(2)

·
∂h(2)

∂W(2)
, (2.21)

This procedure can be repeatedly applied to the previous layers until all layers have been
traversed in the DNN. As the chain rule expansion is similar to propagating the gradients
along the network, it is termed gradient or error back-propagation. Practically, for RNNs,
the same algorithm can be applied by first unfolding the RNN by a fixed number, T , steps,
known as truncated BPTT. Then the gradient of the loss at a certain step is computed and
back-propagated to the preceding steps using the chain rule, which is known as the BPTT
algorithm. Specifically, for the loss computed at the final step T , the gradient w.r.t. the weight
Wh in Eqn. 2.6 can be expanded as shown in Eqn. 2.22.

∂LT

∂Wh
=

∂LT

∂hT
·

∂hT

∂Wh
+

∂LT

∂hT
·

∂hT

∂hT�1
·

∂hT�1

∂Wh
+ ...

=
T

Â
t=1

∂LT

∂hT
·

∂hT

∂ht
·

∂ht

∂Wh
. (2.22)

According to Eqn. 2.6, intermediate derivatives ∂ht/∂ht�1 can be further expanded to the
previous step as shown in Eqn. 2.23.

∂ht

∂ht�1
=

∂ f (Whxt +Uhht�1 +bh)

∂Whxt +Uhht�1 +bh
·

∂Whxt +Uhht�1 +bh

∂ht�1
. (2.23)

When f (·) is the sigmoid function, d f (x)/dx = f (x)(1� f (x)). Because f (x) 2 (0,1), the
maximum value of this derivative is 0.25. Therefore, when it is repeatedly multiplied in the
above expansion, the value of the derivatives will be scaled by 0.25 for every BPTT step,
resulting in the gradient gradually vanishing. This is the vanishing gradient problem which
can be mitigated by unfolding fewer steps or adding gated connections such as in the LSTM.
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2.2.3 Parameter update

2.2.3.1 Stochastic gradient descent

After obtaining gradients associated with weights and biases, the final step of the training
iteration is to update the weight values. One simple but powerful update algorithm is the
gradient descent (GD) which takes the form shown in Eqn. 2.24.

q  q �h 1
M

M

Â
i=1

—q L( f (xi;q),yi), (2.24)

where h is the learning rate and M is the number of data points in the training set. Since the
gradient term is an expectation, the expectation can be approximately estimated using a small
set of samples. Therefore, when the training set is large so that a single update step can not
include all data samples, the set is usually split into small subgroups known as minibatches.
The gradient term in Eqn. 2.24 is estimated for each minibatch as shown in Eqn. 2.25

q  q �h 1
m0

m0

Â
i=1

—q L( f (xi;q),yi), (2.25)

where m0 is the size of the minibatch. For each update, a minibatch is sampled from the
training set to estimate the gradient at current q . This procedure is referred to as the
stochastic gradient descent (SGD). SGD significantly reduces the computation required for
each gradient update, yet offers a much noisier gradient estimation which results in a lower
convergence speed in terms of the number of updates.

For faster convergence, momentum is used in SGD. It introduces an additional variable v
which describes the direction and speed, i.e. velocity, at which the parameters move in the
space. The use of momentum in SGD mimics the motion of a unit mass and the negative
gradient term in Eqn. 2.25 is the force acting on the mass. Formally, the velocity update and
the parameter update are shown in Eqn. 2.26 and Eqn. 2.27 respectively.

v av�h 1
m0

m0

Â
i=1

—q L( f (xi;q),yi), (2.26)

q  q +v, (2.27)

With momentum, the size of each step depends not only on the norm of gradient and the
learning rate but also on how well the past gradient sequence is “aligned". If the sequence
of gradients is well-aligned which resembles a particle descending a steep part of a surface,
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the velocity as well as the updated step size will continuously become larger. Therefore, this
helps to improve the speed of convergence.

2.2.3.2 Adaptive learning rates

Since the learning rate is another important factor that influences convergence, methods have
been developed to have adaptive learning rates to improve training speed. The fundamental
assumption behind these methods is that the loss is more sensitive to some model parameters
and less to others. Then, it makes sense to use a separate learning rate for each parameter
and automatically adapt these learning rates without introducing too many hyper-parameters.
This section will focus on the Adam (adaptive momentum) algorithm (Kingma and Ba, 2015),
a commonly used method that combines adaptive learning rate and momentum. The Adam
algorithm is shown in Algorithm 1, where � represents the element-wise product of tensors
and d is a small quantity to ensure numerical stability.

Algorithm 1 The Adam algorithm

Initialise r1,r2 2 [0,1), h ⇠ 10�3, d ⇠ 10�8, t = 0.
Initialise q
Initialise 1st and 2nd moment variables, s = 0, r = 0
while stopping criterion not met do

Sample a minibatch from training set, {x1,x2, ...,x0m} with corresponding targets
Compute gradient: g 1

m0 Â
m0
i=1 —q L( f (xi;q),yi)

t t +1
Update first moment estimate: s r1s+(1�r1)g
Update second moment estimate: r r2r+(1�r2)g�g
Correct bias in first moment: ŝ s

1�rt
1

Correct bias in second moment: r̂ r
1�rt

2

Compute and apply update: q  q �h ŝ
p

r̂+d
end

Even though various adaptive learning rate and momentum methods have claimed superior
performance, no consensus has been reached on which learning algorithm is the best so far,
because each aforementioned algorithm (SGD, SGD+momentum and Adam) has its own
strengths and weaknesses, and is suitable for some specific tasks.

2.2.4 Further Optimisation Strategies

In addition to a suitable update algorithm, the success of DNNs is also attributed to a further
set of optimisation strategies. In this section, parameter initialisation, various normalisation
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techniques and learning rate schedules will be introduced, as three influential techniques in
training.

2.2.4.1 Initalisation

In deep learning, the optimisation of neural networks is an iterative process that necessitates
a suitable starting point. The performance of the model can be heavily reliant on the initial
weight values, which can determine the speed and extent to which training will converge,
as well as the generalisation ability of the model. Many initialisation methods are random
and heuristic, with weights being sampled from Gaussian or uniform distributions and biases
being initialised to constant values. However, the range of the initialised weights plays
a critical role. While larger weights aid in distinguishing each unit, thereby reducing the
number of redundant units, they may lead to exploding or vanishing gradients based on the
activation functions. One common approach for initialisation is the LeCun initialisation
which is also used in most of the model training in this thesis.

LeCun initialisation (LeCun et al., 2012) draws initial parameters from a Gaussian
distribution, with variance determined by the dimension of the layer input, see Eqn. 2.28.

w⇠N (0,
1
n
) (2.28)

where n is the dimension of the layer input and w is a specific model parameter. As DNN
forward pass performs matrix multiplication, this technique constrains the expected variance
of the output to be one, which leads to fast convergence.

2.2.4.2 Normalisation

There are three commonly applied normalisation tricks in DNN training, namely feature
normalisation, batch normalisation and layer normalisation. Feature normalisation calculates
the first and second-order statistics for all training data and normalises by subtracting the
mean and then dividing the standard deviation before training the DNN. The normalised data
is used as input to the DNN for training.

Batch normalisation (Ioffe and Szegedy, 2015), motivated by the difficulty of training
very deep DNNs such as CNNs, provides a universal way of re-parameterisation. For
very deep networks, updates to the parameters in the previous layers will change the input
distribution and hence slow down training by requiring a lower learning rate, which is referred
to as the internal covariate shift. Batch normalisation achieves faster and better training. Let
{h1,h2, ...,hM} be the output of the layer to be normalised, the algorithm first calculates the
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mean µ and standard deviation s following Eqn. 2.29 and Eqn. 2.30 respectively.

µ =
1
M

M

Â
i=1

hi, (2.29)

s =

s

d +
1
M

M

Â
i=1

(hi�µ)2, (2.30)

where d is a small positive value imposed to avoid encountering the undefined gradient
of
p

z. During the test, the mean and the standard deviation are replaced by the running
average collected during training. The most important property of batch normalisation is that
gradients can be back-propagated through the operations above. This means the gradient will
never act simply to increase the mean or standard deviation.

Batch normalisation has been successful in improving the performance of deep neural
networks, but its application to RNNs is challenging due to the impracticality of batch
normalisation for each time step. A potential solution is layer normalisation (Ba et al., 2016),
which normalises across all feature dimensions for each feature at each layer instead of
normalising across each feature dimension in the batch of input features. This approach is
independent of other samples and can be applied to train RNNs with long sequences and
small minibatches. Studies have shown that layer normalisation can speed up the training of
RNNs and it is also effective in pure-attention-based sequence-to-sequence models such as
Transformer (Vaswani et al., 2017).

2.2.4.3 Learning rate schedule

Despite the adaptive learning rate approaches, the hyper-parameter h still dominants the
size of an update step. Empirically, using a scheduled learning rate often leads to a better
convergence point (Bergstra and Bengio, 2012). With the schedule, the learning rate h
changes with the number of updates or according to a certain criterion. The schedule is
highly dependent on the choice of the DNN structure and the optimisation algorithm. For
example, one commonly adopted approach to train LSTMs using SGD is to reduce the
learning rate by half whenever the performance on a held-out validation set degrades after a
certain epoch. Another widely adopted approach is to gradually increase the learning rate
against the number of updates from the start until a maximum is reached (referred to as
warm-up), and then gradually decrease it until the designated number of updates is reached
(Vaswani et al., 2017).
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2.3 Regularisation

With the advancement in computing resources over the years, DNN models have been
developed to have many millions of parameters. This put forward a problem with the limited
amount of data where the model performs well on the training set but poorly on the test set,
known as over-fitting. Regularisation collectively refers to a set of methods trying to address
these over-fitting issue. This section introduces techniques that help address overfitting.

2.3.1 Early Stopping

The practice of early stopping is a commonly used strategy in deep learning, which involves
stopping the training process before complete convergence based on a specified criterion,
often the validation performance. This involves reserving a separate subset of the training
data for validation purposes, whereby the model is periodically evaluated on this set after a
predetermined number of update steps. If the validation performance continues to degrade
while the training loss still decreases, training can be terminated before reaching conver-
gence to avoid overfitting. The learning rate may also be adjusted based on the validation
performance to improve the training process.

2.3.2 Parameter Sharing

In order to address overfitting, parameter sharing has proven to be an effective method as it
reduces the number of parameters in a DNN. This approach is commonly used in CNNs and
RNNs, where model parameters are shared across different parts of the network. Specifically,
in CNNs, parameters are shared for each kernel that convolves across the entire input, while
in RNNs, parameters are tied across each time step when viewed from the perspective of the
network unfolding.

2.3.3 L2 Parameter Regularisation

L2 parameter regularisation, or weight decay is another commonly-used approach in gradient-
based training. It encourages the weights to be closer to the origin to avoid a sharp mapping
in a specific layer by adding a regularisation term to the loss function, as shown in Eqn. 2.31.

L̃(x,y;w) = L(x,y;w)+
a
2

wT w, (2.31)
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where w particularly refers to the vectorised version of parameters in the weight matrix. The
derivative w.r.t. w is shown in Eqn. 2.32.

—w L̃(w;x,y) = aw +—wL(w;x,y). (2.32)

For a single gradient update step, the update is performed as shown in Eqn. 2.33.

w  (1�ha)w�h—wL(w;x,y). (2.33)

The introduction of the weight decay term modifies the learning to multiplicatively shrink the
weight vector by a constant factor which is a hyper-parameter that needs to be determined.

2.3.4 Dropout

Dropout is an effective and computationally efficient method of regularisation. It can be
considered a practical approximation of bootstrap aggregating (bagging) for large DNN
ensembles. Bagging is a technique aimed at reducing generalisation error by training a set
of models and using them to vote on the test sample, resulting in ensemble averaging. The
dropout method achieves ensemble averaging by randomly eliminating non-output units from
an underlying base network. A common way to implement dropout is to multiply a set of
units for a specific layer in the base network by zero.

To train with dropout in a minibatch-based learning algorithm, random binary masks are
generated for each layer except the output one in the DNN whenever a sample is included
in the minibatch. These masks will be applied to the outputs of corresponding layers when
computing the loss from the given input. The probability of an element in the mask being set
to one is a hyper-parameter that can be adjusted.

It is infeasible to calculate the average of all models generated by random masks to
mimic the accumulation of votes from ensemble models. Instead, scaling the weight by the
dropout probability and evaluating the underlying base model has been shown to be a useful
approximation. Additionally, dropout can be seen as introducing random masking noise to
hidden units. The resulting zero masks eliminate the information captured by certain nodes,
requiring predictions to be based on other information. Therefore, dropout is a technique
that prevents the model from relying solely on a few significant features, thus serving as a
regularisation method for the network.
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2.3.5 Data Augmentation

In order to improve a model’s ability to generalise, it is important that it can handle various
types of noise present in the data (Sietsma and Dow, 1991). While increasing the amount of
training data sampled from the real data distribution can improve a model’s noise robustness,
this may not always be feasible due to limited data resources. Data augmentation is a widely
used approach to increase the amount of training data available by generating new data
from the existing data. For instance, images can be transformed in various ways such as
cropping, scaling, translating, and rotating (Krizhevsky et al., 2012), while speech data can
be augmented using techniques such as vocal tract length perturbation or speed perturbation
(Jaitly and Hinton, 2013, Ko et al., 2015). Data augmentation enables the space of training
data to be enriched and helps the model to become invariant to the applied transformations
and more robust to noisy data. In the context of speech recognition, SpecAugment (Park
et al., 2019) is a commonly used method to augment input log-mel spectrograms through
multiple instances of time warping, frequency masking and time masking. By introducing
randomly corrupted input, this method prevents the model from overfitting specific features
and enhances its ability to generalise to different acoustic conditions.

2.3.6 Label Smoothing

The output can be also injected with noise to improve its robustness, similar to data augmen-
tation for the input, which serves as another effective regularisation technique for training
neural networks with CE loss (Szegedy et al., 2016). After setting a smoothing hyper-
parameter x , the 1s in the target are replaced with 1�x and the 0s in the target are replaced
with x/(|y|� 1). Label smoothing injects noise into the output labels by smoothing hard
targets to soft ones. This approach acts as a regulariser that prevents the model from overfit-
ting to hard output distributions with Softmax, which may have larger weights. Additionally,
label smoothing can be viewed as a way to simulate the situation where training labels are
not entirely accurate.

2.3.7 Weight Noise

In addition to noises added to the input and the target, noise can also be added to model
parameters that results in a minimal change in the final output to regularise the network.
Gaussian noise with a fixed variance and a zero mean is often added to network weights
during training to achieve this purpose, leading to improved performance in RNNs (Jim
et al., 1996, Graves, 2013). During each minibatch, the gradient is computed based on model
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parameters with the added Gaussian noise, but the update to the parameters via gradient
descent is applied to the original parameters without the noise. Weight noise has the effect of
"simplifying" neural networks, as it reduces the precision required to describe the weights.
Simpler networks are preferred since they tend to generalise better. In addition, more complex
approaches such as adaptive weight noise have been proposed (Graves, 2011). Furthermore,
weight quantisation (Woodland, 1989, Hubara et al., 2017) can also be seen as a form of
weight noise that enhances the generalisation of neural networks.

2.4 Transformer and Foundation Models

2.4.1 Transformer Model

Transformer (Vaswani et al., 2017) models have emerged as a powerful and flexible approach
for sequence-to-sequence problems, achieving state-of-the-art results in a wide range of
applications such as machine translation, language modelling, and end-to-end automatic
speech recognition (ASR). Unlike RNNs which rely on the recurrent connection to model the
inter-dependency across positions in the sequence, the Transformer employs self-attention
mechanisms which process each position in the sequence in a feed-forward manner, which
achieves a higher level of parallelisation that can take further advantage of the Graphics
Processing Unit (GPU) capabilities. Moreover, attention removes the vanishing gradient
problem as it provides a shortcut to faraway inputs. Therefore, the Transformer particularly
benefits the processing of long sequences, such as speech sequences which often contain
over a thousand input frames.

The transformer is an attention-based encoder-decoder (AED) model which comprises an
encoder and a decoder that are connected by attention mechanisms. The encoder transforms
input features into a sequence of high-level vector representations, and the decoder generates
model predictions given the encoder output and previous predictions. In the Transformer,
both the encoder and decoder contain repeated blocks that perform the same set of computa-
tions and are referred to as Transformer encoder/decoder blocks. The computation in each
Transformer block only contains the attention mechanism and feedforward neural networks.

The core of the Transformer is the attention mechanism, which is scaled dot-product
attention. Denoting the query matrix as Q = [q1, ...,qN ]T , the key matrix as K = [k1, ...,kN ]T ,
and the value matrix as Q = [v1, ...,vN ]T , scaled dot-product attention is computed as follows:

A = Attention(Q,K) = Softmax(
QKT
p

dk
). (2.34)
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E = AV, (2.35)

where dk is the dimension of each key vector, and E = [ei, ...,eN ]T is the combined value
matrix using attention weights. The operation inside the Softmax on the numerator is the
dot-product between each pair of query and key vectors, and the result is a measure of the
distance between the two vectors. The product is scaled by

p
dk to ensure the output vector

has the same variance as the input. By assuming that each dimension of the query and key
vectors is an independent random variable with zero mean and unit variance, the value of
the dot product has zero means and variance dk. Dividing the product by

p
dk reduces the

variance to 1 which is consistent with the input. When the query, key and values are all
computed from the same input X, this attention becomes the self-attention as shown below:

Q = XWQ, Q 2 RN⇥dq (2.36)

K = XWK, K 2 RN⇥dk (2.37)

V = XWV , V 2 RN⇥dv (2.38)

where WQ, WK and WV are parameter matrices, and dq = dk to enable the dot-product to be
performed. In general, keys and values usually come from the same source and queries may
come from another source (referred to as cross-attention in this thesis).

Moreover, the Transformer uses multi-head attention (MHA) which allows the model
to jointly attend to information from different parts of the value sequence. Assuming there
are H attention heads, one specific set of queries, keys and values, Qi, Ki and Vi is derived
from the same input source for each attention head. The H output matrices E1, ...,EH are
concatenated along the dv dimension to form a single vector as the output of attention.

Ei = Attention(Qi,Ki)Vi (2.39)

E = Concat(E1, ...,ET
H)W (2.40)

where W is a model parameter matrix to mix and transform the information captured in
each head. The detailed Transformer structure is shown in Fig. 2.6. MHA is applied in
both the encoder and decoder blocks. The MHA module in the encoder and the masked
MHA module in the decoder perform self-attention, while the MHA module in the decoder
performs cross-attention which derives the query from the decoder hidden state d1:N and the
key and value from the encoder output h1:T . Cross-attention is analogous to the attention
used in the RNN AED structure, but it is performed in every decoder block rather than just
once, and hence the alignment is implicitly learnt and hard to interpret.
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Figure 2.8 The Transformer model (Vaswani et al., 2017). “add & norm” means the addition
operation of the residual connection followed by layer normalisation. The three inputs to the
multi-head attention layer are key, value, query from left to right.

based on the history sequence. This is similar to the attention mechanism in RNN-based AED
models, but the attention weights are obtained by the dot product on the transformed features
rather than directly via a neural network.

The other novel component of the Transformer model is multi-head attention, where the
attention mechanism in Equation (2.23) is split into N heads. For head i, E(i)

q ,E(i)
k ,E(i)

v

are computed with a weight matrix associated with each headW (i)
q ,W (i)

k ,W (i)
v according to

Equation (2.22). Then the output from each attention head is concatenated and transformed by
another weight matrixWo,

HEADi = ATTENTION(E(i)
q ,E(i)

k ,E(i)
k , ) (2.24)

MULTIHEADATTENTION = Concat(HEAD1, . . . , HEADN)Wo, (2.25)
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Fig. 2.6 Transformer model structure (Vaswani et al., 2017). Add and norm denotes residual
connections and layer normalisation. FFN represents the position-wise feed-forward network.

In addition to attention, each block also contains a position-wise feed-forward layer
which applies the same MLP to each position in the sequence. There is also the add and
norm module which provides residual connections followed by layer normalisation, which
prevents the gradient from becoming too noisy when backpropagated through a very deep
network (He et al., 2015).

As with RNN AED, the decoder makes predictions of the next token yi given the previous
tokens y0:i�1 where y0 is the start-of-sequence token. To ensure this causality, triangular
masks are applied to each attention head, as shown in Eqn. 2.41.

A = Attention(Q,K,M) = Softmax(
QKT
p

dk
�M). (2.41)

where M 2 RN⇥N represents a binary triangular mask and � represents the element-wise
product between two matrices. This is also illustrated in Fig. 2.41. Note that the i-th row of A
is an attention weight that is used to combine value vectors for the i-th query. After masking,
the attention weights for positions i to N become zero, and hence no future information is
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Fig. 2.7 Masked MHA computation flow and the score matrix after applying the diagonal
mask where the grey grids are replaced with �•.

used when obtaining the output at the current position. This ensures the causal information
flow and hence allows the model to be trained by predicting the next target with teacher
forcing.

As Transformer blocks treat each position identically and process them in parallel,
the positional information of the input sequence is not explicitly maintained. Therefore,
additional positional embeddings are added to the input before sending it to the Transformer
blocks. Positional encoding describes the position of a vector in a sequence so that each
position is assigned a unique representation. Positional encoding can either be fixed or
learned and for the fixed form proposed by Vaswani et al. (2017), it employs sinusoidal
functions where each element in the embedding vector at position i, indexed by j is given by

PE(i, j) =

8
<

:
sin

⇣
i/10000 j/D

⌘
j is even,

cos
⇣

i/10000( j�1)/D
⌘

j is odd.
(2.42)

The positional embedding is directly added to the input vector at position i. The sinusoidal
version of positional embedding enables the model to extrapolate to sequence lengths longer
than the ones seen in the training data.

2.4.2 Self-supervised Pre-training with Transformer

Acquiring labelled data can be expensive and time-consuming which often requires domain
expertise, whereas there exists a vast amount of unlabelled speech and text data. Recent



28 Deep Neural Networks

research has been trying to make use of unlabelled data to obtain a foundation model that
provides a better initialisation point or powerful neural representations of the data.

A foundation model is a DNN model, often a Transformer, that is trained on a vast quantity
of unlabelled data at scale (Devlin et al., 2019). It is usually trained with self-supervised
representation learning to learn useful representations. Self-supervised learning (SSL) is a
type of unsupervised learning which uses information extracted from the input data itself
as the label to learn representations useful for downstream tasks. With SSL representation
learning or pre-training, the model can automatically discover the representations needed
for feature detection or classification from raw data. The pre-trained models can be applied
to a wide range of related downstream tasks via transfer learning, which is often referred to
as fine-tuning. With fine-tuning, pre-trained LMs can be applied for language generation,
question answering and machine reading comprehension, etc, while pre-trained speech
models can be used for automatic ASR, speaker tasks and spoken language understanding
(SLU).

This section introduces foundation models that are either trained on text or trained on
speech data. Their applications in ASR and SLU will be introduced in Chapter 3.

2.4.2.1 Foundation Language Models

Language model pre-training by leveraging abundant unlabelled text has been shown to
be effective in improving many natural language processing tasks (Devlin et al., 2019,
Radford et al., 2018, 2019, Raffel et al., 2019, Yang et al., 2019). Such models usually
involve training a Transformer structure where the input and output come from the same text
source. There are three major types of foundation models depending on the pre-training task
design, including bi-directional encoder representations from Transformer (BERT) (Devlin
et al., 2019), the generative pre-trained Transformer (GPT) (Radford et al., 2019) as well as
text-to-text transfer Transformer (T5) (Raffel et al., 2019).

There is a group of foundation models (Devlin et al., 2019, Liu et al., 2019a) that adopt
only the Transformer encoder to encode text tokens into representations, and BERT is one
typical example. The BERT model is shown in the top part of Fig. 2.8. BERT pre-trains a bi-
directional Transformer encoder using masked token prediction and next-sentence prediction
tasks. As shown in Fig. 2.8, a certain portion of the input text is masked, and the BERT
model is trained by predicting the tokens that correspond to those masks (with CE loss). This
is the masked token prediction task. Meanwhile, BERT takes pairs of sentences as input, and
the output corresponds to the “[CLS]" token at the start of the sequence to determine whether
the second sentence follows the first sentence, by projecting through a binary classification
layer. Through this training scheme, correlations within each sentence can be captured by the
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Fig. 2.8 BERT (top) and GPT (bottom) foundation models with their pre-training tasks.

mask prediction while sentence-level information is extracted by the output representation
for the “[CLS]" token. In addition, Liu et al. (2019a) proposed a series of robust training
approaches to improve the pre-training of BERT, and the resulting foundation model, termed
RoBERTa, is used in Chapter 6.

BERT and all bi-directional models using a Transformer encoder are usually suitable for
sequence tagging (Chen et al., 2019a), span prediction (Heck et al., 2020) and classification
tasks (Wang et al., 2018). However, bi-directional models are not capable of performing
sequence generation tasks as they are trained with future content information. Therefore, for
sequence generation tasks, GPT models were proposed.

GPT (Radford et al., 2018), GPT2 (Radford et al., 2019) and GPT3 (Brown et al., 2020)
were introduced as a series following the same training scheme but with increasing model
size and data scale. The training task of GPT models is shown in the bottom part of Fig.
2.8. GPT models use the Transformer decoder but remove the cross-attention, which is
equivalent to using the Transformer encoder with a causal mask. GPT is trained with next-
token prediction using the CE loss, which is the standard language model training approach
as explained in Sec. 3.4.1. GPT models can directly be used as a text generator, as well as
being fine-tuned for downstream tasks such as question-answering (Rajpurkar et al., 2016) or
response generation in spoken dialogue systems (Hosseini-Asl et al., 2020). Note that as a
causal language model, GPT models can also be used to re-rank ASR hypotheses (Zheng



30 Deep Neural Networks

et al., 2021) as discussed in Sec. 4.8. As with BERT, GPT models are also able to perform
sequence classification tasks. More recently, the text generation ability of GPT models has
been further boosted by using Reinforcement Learning from Human Feedback, leading to
state-of-the-art chatbots such as instructGPT (Ouyang et al., 2022) and ChatGPT.

The last type of language foundation model introduced in this section is the T5 model
(Raffel et al., 2019) which uses the entire Transformer structure. The main idea of T5 is
to transform all existing text-processing tasks into a “text-to-text" task, where there is a
text-based prompt (e.g. the question) and a text-based response (e.g. the answer). The basic
pre-training scheme for T5 is shown in Fig. 2.9.

Transformer Encoder

Transformer Decoder

My dog is cutevery

He years3is old

He years3is old

<s> </s>

<s>

</s>

Fig. 2.9 T5 model pre-training scheme

The T5 model can be considered as the GPT model augmented with further contextual
dependencies from a bi-directional Transformer encoder. During fine-tuning, T5 transforms
many tasks, such as sequence classification and machine translation, into question-answering
form, e.g. “translate the following sentence into German: this is good" with the target
sequence “das ist gut". This idea is also widely adopted in spoken language understanding
tasks which will be further elaborated in Sec. 3.5.

2.4.2.2 Foundation Speech Models

As for language processing, foundation models have also been developed for speech pro-
cessing which transforms speech waveforms into high-level vector representations via self-
supervised representation learning (van den Oord et al., 2018, Baevski et al., 2020). The
key challenge for speech foundation model pre-training is that the speech signal is high-
dimensional. One utterance may contain millions of data points, in contrast to the number
of word tokens, which makes it computationally infeasible to mask and reconstruct the
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original signal. This section mainly focuses on wav2vec 2.0 (Baevski et al., 2020), a specific
approach that converts speech signals into word-like token-level representations via vector
quantisation.

CNN Feature Encoder

z

Transformer Context Encoder 

q q q q q q q

z z z z z z

c c c c c c c

Contrastive Loss

Raw waveform input

Latent speech  
representation

Quantised  
representation

Context  
representation

masking

Fig. 2.10 Model structure and the pre-training task for wav2vec 2.0

The wav2vec 2.0 model is shown in Fig. 2.10. The raw waveform input is first transformed
into vector representations z using a CNN for each speech chunk of 25 ms. These vectors are
then sent to a Transformer context encoder to be encoded into context representations c, with
certain vectors being masked for prediction. The speech representations z are also quantised
into q which is an entry in a finite-size codebook (analogous to a fixed vocabulary for word
tokens) using the product quantisation method (Jégou et al., 2011).

However, since there is no directly available target for pre-training, such as a word token,
contrastive loss is employed. Conceptually, contrastive loss minimises a defined distance
between positive pairs of data and maximises the same distance between negative pairs of
data. In the case of wav2vec 2.0, the positive pair is ct and qt if it is masked at time t, and
negative pairs are ct and qk where k 6= t. Formally, the contrastive loss for training wav2vec
2.0 is shown in Eqn. 2.43.

Lm =� log
sim(ct ,qt)

Âq̂k2Qt sim(ct , q̂k)
(2.43)
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where Qt contains K +1 quantised representations including the true entry qt and K distrac-
tors. Distractors are uniformly sampled from other masked time steps of the same utterance.
The similarity measure in wav2vec 2.0 is the cosine distance. The full wav2vec 2.0 pre-
training process also includes a diversity loss to encourage the model to explore all entries in
the codebook and avoid mode collapse.

Other speech foundation models such as HuBERT (Hsu et al., 2021) have also explored
unit discovery mechanisms to create pseudo labels, and WavLM (Chen et al., 2022) explored
an addition denoising task in pre-training. These foundation models, after fine-tuning, often
achieve superior performance than supervised training models trained on specific data on a
wide range of speech-related tasks (wen Yang et al., 2021).

2.5 Summary

This chapter introduced the basic building blocks of deep learning, together with optimisa-
tion algorithms for DNNs. The training techniques and regularisation methods were also
introduced. Those approaches will be frequently referred to in the rest of this thesis. The
pre-trained foundation models mentioned in this section are widely applied to both end-to-end
ASR and SLU, which are introduced in Chapter 3.



Chapter 3

Automatic Speech Recognition and
Understanding

Automatic Speech Recognition (ASR) involves the transformation of speech signals into
their corresponding textual representation. The task is challenging for real-world applications
due to the presence of both inter-speaker and intra-speaker variability, the former being
characterised by physiological differences and pronunciation distinctions across accents
or dialects, while the latter is marked by differences in speech styles. The efficacy of
speech-to-text conversion is further complicated by other factors such as channel distortion,
reverberation, and background noise, which exacerbate the challenges faced by the ASR
system. (Jurafsky and Martin, 2009).

There exist two main contemporary frameworks for ASR. The first framework is based
on the noisy Source-Channel Model (SCM) which employs Hidden Markov Models (HMMs)
to model the acoustic sequence from a generative perspective (Shannon, 1948, Jelinek, 1998,
MacKay, 2003). This approach comprises several modules, including an acoustic model, a
language model, a pronunciation model and a decoder. The modular structure necessitates
the optimisation of each component separately, leading to a lengthy pipeline and potential
error accumulation over stages. Nonetheless, the framework’s advantage lies in the ease
of incorporating various forms of structured knowledge, such as phonetic and linguistic
information.

In recent years, the use of end-to-end trainable systems has emerged as a promising
alternative to the noisy SCM for ASR. Unlike the SCM, end-to-end systems adopt a joint
optimisation approach towards a single objective from a discriminative perspective. This
leads to a simpler system design as only a single model needs to be optimised, in contrast to
the modular design of SCM-based systems. The use of very large models with billions of
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parameters and a vast amount of training data has allowed end-to-end systems to outperform
SCMs and achieve state-of-the-art results in ASR tasks.

This section focuses on two widely used end-to-end trainable models: the attention-based
encoder-decoder (AED) (Chorowski et al., 2015) model and the recurrent neural network
transducer model (RNN-T) (Graves, 2012). Both models directly learn the probability of the
transcription sequence given the input acoustic sequence.

In addition to ASR, this section also introduces spoken language understanding (SLU)
as another task where contextual biasing can be applied. SLU aims to comprehend spoken
language accurately and extract relevant information, including slot filling and intent clas-
sification (Tur and Mori, 2011). The former refers to the task of filling in the appropriate
value for a given slot (e.g., restaurant or hotel names), while the latter involves classifying
the user’s intent in an utterance into one of several predetermined categories. SLU is a
critical component in facilitating successful human-machine interactions in various types of
conversational AI systems, particularly task-oriented spoken dialogue systems. The recent
advancement in end-to-end SLU systems has been made possible by integrating ASR and
NLU modules through neural connections. These systems either use a trainable neural
interface between the ASR decoder and the NLU module or directly feed the output of the
ASR encoder into a sequence generation-based NLU module.

ASR and SLU models require a large amount of labelled data for practical training.
However, acquiring labelled data is a costly process. To overcome this challenge, foundation
models trained with self-supervised learning (SSL) have been proposed as a viable solution,
enabling models to learn meaningful feature representations from a large amount of unlabelled
data (van den Oord et al., 2018, Devlin et al., 2019, Radford et al., 2019). Pre-trained models
can be used to initialise various parts of ASR and SLU systems for subsequent fine-tuning to
improve their performance (Baevski et al., 2020, Chen et al., 2019a). Based on the foundation
models introduced in Sec. 2.4, this chapter also presents applications of those foundation
models to end-to-end ASR and SLU, respectively.

3.1 Source-Channel Models

The SCM approach starts by converting the waveform into a sequence of input features
O = o1,o2, ...,oT through a feature extraction stage. Then, the task of the SCM can be
formulated as Eqn. 3.1.

Ŵ = argmax
W

P(W|O) = argmax
W

p(O|W)P(W), (3.1)
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where W = w1,w2, ...,wn is the word sequence and the final expression is derived using
Bayes’ rule and the normalising factor P(O) is independent of W. This section introduces im-
portant components of SCMs, including feature extraction, DNN-HMM acoustic modelling,
discriminative training and decoding algorithms for DNN-HMM systems.

3.1.1 Feature Extraction

Feature extraction as the front-end for most ASR systems, converts the waveform data in
a fixed-duration segment of speech, known as a frame, into a fixed-length vector ot using
signal processing techniques. In this report, frame lengths are 25 ms with a 10ms shift
between adjacent frames. These input features (a.k.a. acoustic features) are expected to carry
sufficient information from the speech signal while suppressing the influence of artefacts
such as microphone, channel and background noise. Commonly used acoustic features are
Mel-Frequency Cepstral Coefficients (MFCCs) (Davis and Mermelstein, 1980), Mel-scale
Filter Banks (FBANK) (Mohamed et al., 2012) and Perceptual Linear Prediction (PLP)
(Hermansky, 1990). The choice of features depends on the acoustic models, and for the
DNN-HMM acoustic models covered in this section, FBANK features will be mainly used.

To incorporate dynamic information into speech features, all the aforementioned features
can be augmented by delta features. The first-order delta feature can be obtained by a linear
combination of the static features of a certain number of frames surrounding the current one.
The second-order delta features can be computed analogously. The augmented feature with
the first and second-order statistics is done by concatenating them into one single feature
vector. The obtained acoustic features are usually normalised using mean and variance
computed using frames in an utterance or using all frames in the training set.

3.1.2 Modelling Units

Modelling from acoustics to words directly poses significant challenges due to the data
sparsity problem (Soltau et al., 2017). In ASR tasks with a large vocabulary, most words
occur only a few times or not at all in the dataset, making it difficult to model them directly.
Moreover, expanding the vocabulary size is not a trivial task when using words as modelling
units. Therefore, phone-based units or character-based units are commonly employed in
ASR to address this issue.

Phonetic-based units are frequently utilized in combination with a pronunciation dictio-
nary or lexicon, as phones frequently function as natural units for defining word pronuncia-
tions. While the use of context-independent phones is straightforward, context-dependent
phones such as biphones or triphones (Lee, 1988) are more commonly employed due to their
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provision of more fine-grained subword units. This is advantageous in speech recognition
tasks where co-articulation effects play a significant role.

In contrast to phonetic-based units, graphemic-based units do not rely on the use of a
lexicon, and their set can be extended based on context or position within words (Kanthak
and Ney, 2002). However, the use of graphemic units in acoustic modelling poses a greater
challenge to acoustic models, particularly for languages such as English that exhibit ortho-
graphic irregularities, where a single pronunciation may correspond to multiple graphemes
or multiple pronunciations may correspond to a single grapheme.

3.1.3 DNN-HMM Acoustic Modelling

HMM provides effective modelling of the continuous and dynamic characteristics in the
speech signal. This type of model is based on the rightmost expression in Eqn. 3.1, where
P(O|W) is predicted by the HMM-based acoustic model (AM) described later in this section,
and P(W) is predicted by the language model (LM).

HMMs are a type of Markov model which consists of states following a Markov process
and observations depending on the states. States in HMM are not directly observable
("hidden"), but can be inferred from the observations. In HMM-based acoustic models,
each modelling unit such as a letter or a phone is associated with an HMM based on the
assumption that signals corresponding to the unit can be characterised by a first-order HMM.
Specifically, given sequence of discrete states s1,s2, ...,sT where si 2 {0,1, ...,N}, the joint
probability of states can be factorised using the first-order Markov chain in Eqn. 3.2.

P(s1,s2, ...,sT |l ) =
T

’
i=1

P(si|si�1,l ), (3.2)

where l refers to a specific HMM. Note that a virtual entry state s0 is introduced in Eqn.
3.2. Each conditional probability in Eqn. 3.2, known as a transition probability, can be
characterised by a matrix A where Amn = P(si = m|si�1 = n) which is, in general, different
for different HMMs and is pre-determined for each HMM used in ASR. Observations of the
HMM depend on the hidden states, and the probability of those can be written as Eqn. 3.3.

p(O|s1,s2, ...,sT ,l ) =
T

’
t=1

p(ot |st ,l ), (3.3)

where each probability, known as the emission probability, can be estimated using specific
models such as a Gaussian Mixture Model (GMM) or a DNN. Particularly in ASR, the first
hidden state and the last hidden state are assumed to be non-emitting states which do not
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have observations. By marginalising Eqn. 3.3 over all hidden states, the probability of the
output sequence for a given HMM is shown in Eqn. 3.4.

p(O|l ) = Â
s1:T2S

p(O,s1,s2, ...,sT |l ) (3.4)

The following sub-sections will focus on using DNNs to model emission probabilities.

3.1.4 DNNs in Hybrid ASR Systems

DNNs are used to estimate the emission probability of HMM states in an HMM-based ASR
system. There has been an interest in DNN acoustic modelling for decades (Waibel et al.,
1989, Bourlard and Morgan, 1993), but the dominance came after the recent advancement of
deep learning and efficient training techniques. DNNs are used to predict the probability of
an individual observation vector ot belonging to a specific state in a specific HMM, p(st |ot ;q)

which is known as the state posterior distribution. Note that we compress the combination of
st and l into st here representing a specific phoneme state. This type of DNN-HMM system
is also called the hybrid system and many DNN structures introduced in Chapter 2 have been
applied, including MLPs and RNNs. To convert this distribution into an estimation of the
emission probability distribution, Bayes’ rule is applied again as shown in Eqn. 3.5.

p(ot |st ;q) =
P(st |ot ;q)p(ot)

P(st)
, (3.5)

where P(st |ot) is predicted by the DNN with ot being the input and the output is a Softmax
distribution over states. Note that p(ot) can be ignored as it is irrelevant to the prediction.
P(st) are unigram probabilities estimated from the training data. This is done by aligning
the training data with transcription to get a sequence of HMM states representing the most
probable path through the concatenated HMMs of phones. Then the state-level unigram
probabilities can be estimated using a standard frequency count.

3.1.5 Discriminative Sequence Training for DNN-HMM Systems

Optimisation of the DNN-HMM system is another challenging task. DNN-HMM systems
can be trained with the maximum likelihood estimation (MLE) criterion. According to Eqn.
3.5, maximising the likelihood of the joint distribution of observation and state sequences is
equivalent to maximising each individual state posterior probability p(st |ot ;q). This can be
done using the cross-entropy criterion to perform a state classification where the target state
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at each frame, st , can be obtained by running the Viterbi algorithm to align phoneme states
with acoustic features using a GMM-HMM model.

However, the MLE approach is an approximately optimal solution to ASR provided
that the acoustic and language models are close to the true distribution and that the training
data is sufficiently large (Brown, 1987, Juang et al., 1997). Unfortunately, neither of these
assumptions holds given the HMM assumptions and resource limitations for many tasks.
Consequently, the maximum likelihood training of the acoustic model deviates from optimal
performance. The MLE approach aims to maximize the likelihood of the training data with
respect to the acoustic model for the associated reference sequences, thereby treating all
alternative hypotheses put forth by the acoustic model without any penalisation.

Discriminative sequence training methods were introduced to accommodate the realistic
condition where the amount of data is finite and the model is only an approximation rather
than exactly correct. When either condition is not satisfied, the maximum likelihood criterion
that directly optimises P(O|W) is not optimal. Discriminative sequence training aims
to maximise the posterior probability given the observation, which can be applied at the
sequence level. Several efforts have been made to improve the performance, among which
the maximum mutual information (MMI) and minimum Bayes risk (MBR) training criteria
have shown promising results.

MMI (Bahl et al., 1986, Woodland and Povey, 2002) maximises the mutual information
between the target sentence W and the acoustic observation sequence O. The objective can
be followed as shown in Eqn. 3.6.

LMMI(q) = I(W,O|q) = log
p(W,O|q)

P(W)p(O|q)
. (3.6)

q is the collection of model parameters. The language model probability is not jointly
optimised with the acoustic model as the LM is usually trained on very large corpora. The
criterion can be re-written in Eqn. 3.7 with P(W) with a fixed P(W).

LMMI(q) = log
p(O|W,q)1/kP(W|q)

ÂW0 p(O|W0,q)1/kP(W0|q)
. (3.7)

The denominator is the probability of the observation sequence given the model which is
marginalised over all possible word sequences. In practice, a lattice containing the highest
probable word sequences is used to approximate the total search space of word sequences,
and k is the language model scaling factor which is to scale down the dynamic range of
acoustic score to yield a broader posterior probability distribution. More recently, to release
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the demand of calculating the denominator lattice, Povey et al. (2016) proposed a lattice-free
MMI approximation to calculate the denominator efficiently without lattice.

Alternatively, to close the gap between the training objective and evaluation metrics,
which is the error rate, error-based training has been developed using the MBR training
criterion. MBR training minimises the expected value of the Bayes’ risk function as shown
in Eqn. 3.8.

LMBR(q) = Â
W0

P(W0|O;q)L0(W0,W), (3.8)

where L
0(W0,W) is the Bayes’ risk function which can be the number of word or phone

errors measured between the hypothesis sequence and the reference sequence. It is termed
minimum word error (MWE) training if measured at the word level and minimum phone
error (MPE) training (Povey and Woodland, 2002) if measured at the phoneme level. This
training objective can also be applied to end-to-end trainable ASR systems.

3.1.6 Language Modelling and N-gram LMs

Language modelling computes the probability of the occurrence of a given sequence of
words or sub-word units, P(W). It provides the prior distribution for Eqn. 3.1 and is core
to a wide range of speech and language tasks including language understanding, machine
translation and dialogue systems. The following sections will explain approaches based
on the word level, but the same approaches can be easily extended to sub-word units. The
joint probability of all words in the sequence can be decomposed into the multiplication of
conditional probabilities using the chain rule as shown in Eqn. 3.9.

P(W) = P(w0,w1, ...,wN) =
N

’
i=1

P(wi|wi�1, ...,w1,w0), (3.9)

where N is the total length of the word sequence, and w0 is always the symbol representing
the start of the sequence. Therefore, the task of computing the joint probability can be
transformed into computing the word prediction probability given the other words that the
model has seen in this sequence which is referred to as the history information. Different LMs
have different ways to represent history information, and the quality of the representation of
the history information significantly affects the performance of LMs.

The performance of LMs is usually evaluated by the perplexity. Given a word sequence
of length N, the per word perplexity (PPL) of the LM is shown in Eqn. 3.10.

log2PPL =�
1
N

log2(P(W)) =�
1
N

N

Â
i=1

log2(P(wi|wi�1, ...,w1,w0)). (3.10)
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A language model with lower perplexity is considered to provide more accurate word pre-
diction probabilities than the one with higher perplexity. Hence, PPL provides an important
metric to evaluate the quality of a language model on its own.

3.1.6.1 N-gram LMs

The n-gram LM has been the dominant LM for decades because of its efficiency. Eqn.
3.9 requires a full-history representation for the joint probability to be calculated, however,
word prediction has much stronger dependencies in immediately preceding words than
those further distant in the history. Therefore, n-gram LM adopts an n�1-th order Markov
assumption to truncate the number of words in the history to n�1 words as shown in Eqn.
3.11.

P(wi|wi�1, ...,w1)⇡ P(wi|wi�1, ...,wi�n+1) (3.11)

Each conditional probability can be estimated by counting the number of occurrences of
such n-word sequence normalised by the number of occurrences of such n�1 word history
sequence in the training corpus. Maximum likelihood estimation is used to train the LM.

The data sparsity problem and the n-th order Markov assumption are considered the two
major issues associated with n-gram LMs. Because the estimation is based on the count of
occurrences of partial word sequences in the training data, it requires sufficiently large counts
so that the probability estimation has a small variance. As the order n increases, the number
of possible partial sequences increases exponentially, so the occurrences become more sparse,
with sequences not in the training data being assigned zero probability by the model. To
mitigate this problem, various smoothing methods have been applied to the probability
estimation such as Katz Smoothing Katz (1987) and Kneser-Ney Smoothing Kneser and Ney
(1995). Smoothing of an n-gram LM usually follows the discounting and back-off procedure.
In particular for Kneser-Ney smoothing, if an n-gram appears in the training data, it will
be discounted by subtracting a value C < 1 known as absolute discounting. Otherwise, a
smoothed maximum-likelihood estimation for a lower-order n-gram will be used to back off
the prediction. More details can be found at Chen (2017).

In addition to the inefficient use of history information and the associated data sparsity
problem, the n-th order Markov assumption that ignores words prior to the (n-1)-th preceding
also reflects its limitations in capturing long-term dependencies within the sequence. The
data sparsity issue can be mitigated by using a feed-forward neural network LM (NNLM), but
it was not until the introduction of the RNNLM that the limitation of the Markov assumption
has been effectively addressed. RNNLMs and more advanced neural LMs are introduced in
later sections.
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3.1.7 Decoding with DNN-HMM Systems

Decoding is the process of searching for the best sequence of words from the model predic-
tions. For DNN-HMM systems, it combines the AM and the LM for a maximum a posteriori
(MAP) prediction. Given the AM and the LM, the decoding process searches for the path
with the highest probability defined in Eqn. 3.1 which is a combination of AM probability
p(O|W) and LM probability P(W). The AM gives the probability of the observation given
a phone sequence, and the lexicon defines the phone sequence associated with each word.
Then, the LM calculates the probability of candidate word sequences to select the best one.
Specifically, decoding can be written in Eqn. 3.12.

Ŵ = argmax
W

p(O|W)P(W)

= argmax
W

h
Â
LLL

Â
S

p(O,S|LLL)P(LLL|W)
i
P(W)

⇡ argmax
W

h
max

S
p(O,S|LLL) max

LLL
P(LLL|W)

i
P(W), (3.12)

where LLL represents possible phone sequences given word W and S represents possible state
sequence given the phone sequence. Since enumerating all possible sequences is intractable, a
maximum approximation is applied to replace the summation. To find the best state sequence
given the AM, the Viterbi decoding algorithm is most commonly used which is a dynamic
programming algorithm. Define Y j(t) as the maximum likelihood of observing speech
sequence o1:t and being in state j at time t. Given the observation sequence, the best partial
state sequence ending at time t in state s j can be recursively computed as shown in Eqn. 3.13.

Y j(t) = max
s1,s2,...,st

p(o1:t ,s1:t�1,st = j) = max
i

{Yi(t�1)P(st = j|st�1 = i)} p(ot |st = j),

(3.13)
with initialisation Y1(0) = 1. The maximum likelihood of the entire observation sequence O
is in Eqn. 3.14.

YN(T ) = argmax
i

{Yi(T )P(sT = N|sT�1 = i)}, (3.14)

where N is the last state.
In continuous speech recognition, the transition probability between the state in one word

to the state in another word is combined with the probability from the LM. Specifically,
P(st = j|st�1 = i) will be multiplied by P(wi|w1:i�1)b where b is the LM scaling factor to
adjust the dynamic range of LM probabilities. For numerical stability, the computation is
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implemented in the log scale. The complete decoding objective is shown in Eqn. 3.15.

Ŵ = argmax
W

n
log p(O,S|LLL)+ µlog P(LLL|W)+b log P(W)+ g log |W|

o
, (3.15)

where µ is the pronunciation probability scaling factor, g is the insertion penalty and L(W)

is the length of the predicted word sequence. For a large vocabulary, the search space is
large which makes it infeasible to perform an exhaustive search. Therefore, beam search is
used to prune partial paths with a low likelihood by only retaining partial paths with a fixed
beam width (i.e. log probability differences) of the best at a particular time. Beam search
algorithms are also used to decode end-to-end ASR systems.

3.1.8 ASR Evaluation

ASR systems are evaluated by the word error rate (WER) which is measured using the
Levinstein edit distance between the hypothesis and reference. The WER includes three
types of errors, insertion (I), deletion (D) and substitution (S) and is calculated as Eqn. 3.16.

WER =
I +D+S

N
⇥100%, (3.16)

where N is the total number of words in the reference. A lower WER implies a better-
performing speech recognition system. An example of WER calculation for a selected
utterance in a conversation is shown in Fig. 3.16 where the WER for this specific utterance is
(1+1+1)/11⇥100% = 27.3%. In languages such as Chinese and Japanese where written

ReLU: [0, +∞) Sigmoid: (0, 1) Tanh: (-1, 1)

Ref: 
Hyp:
Errors:

We will probably still have to do      some file managing
We will probably        have to do uh some file manager

D I S

Fig. 3.1 An example of WER computation with 1 insertion, 1 deletion and 1 substitution.

forms lack word boundaries, a comparable evaluation metric called Character Error Rate
(CER) is frequently employed at the character level. It should be noted that both WER
and CER can exceed 100% due to unbounded insertion errors. The Sentence Error Rate
(SentER), a metric that represents the percentage of utterances containing at least one error,
is occasionally used.
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3.2 End-to-end ASR with Attention-based Encoder-Decoder

End-to-end trainable ASR models, as alternatives to the SCM approach, directly maximise
the posterior probability of the output word sequence W given the input acoustic feature
sequence O using a single DNN model, as shown in Eqn. 3.17.

q ⇤ = argmax
q

P(W|O;q) (3.17)

Such methods are usually divided into frame-synchronous and label-synchronous systems
depending on whether the model generates one output for each frame or for each output
token. The attention-based encoder-decoder (AED) model is one typical example of the
label-synchronous system, which maps the input sequence of length T directly to the output
token sequence of length N. Note that with the AED, the conditional probability is usually
factorised via autoregressive decomposition, as shown in Eqn. 3.18.

P(W|O;q) =
N

’
i=1

P(wi|w1:i�1,O;q) (3.18)

Before the attention mechanism was introduced, sequence-to-sequence models were
usually achieved using encoder-decoder models (Sutskever et al., 2014). The encoder, often
an RNN, encodes information of the entire sequence into a single vector representation.
The decoder takes the encoded vector as input and generates the target sequence. The
performance of this approach may be significantly limited by the information captured by
the fixed-length vector and the sequential information associated with it, especially for long
sequences. However, with the attention mechanism, the decoder is able to “attend to” or
“focus on” the most relevant part of the input sequence at each step to generate the output
sequence progressively.

The AED model approach has been successfully applied to a range of sequence-to-
sequence tasks where irregular input-output mappings are required, such as neural machine
translation (Bahdanau et al., 2014) and ASR (Chorowski et al., 2015, Bahdanau et al., 2016,
Chan et al., 2016). Different from other sequence-to-sequence tasks, the alignment in ASR,
though still irregular, is monotonic, which requires specific attention mechanisms to be
designed. This section focuses on the application of AED to end-to-end ASR and introduces
the modelling units for AED, popular AED model structures, and training and decoding
algorithms.
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3.2.1 Modelling Units

This section introduces the modelling units that are adopted by most end-to-end trainable
ASR systems in general. While phone-based units may still remain effective for end-to-
end ASR models, it relies on the availability of a lexicon and linguistic knowledge which
increases the pipeline complexity of end-to-end systems. Therefore, graphemic modelling
units are often viewed as more desirable for these systems. With abundant training data and
adequate model complexity, graphemic AED systems have shown to yield equivalent or even
superior performance to phonetic systems (Sainath et al., 2018), and it is able to learn word
spellings from the training data.

On the other hand, pronunciations of graphemes are highly context-dependent, where
several characters can map to a single sound. Moreover, certain graphemes may often appear
together, such as “ing" for the present continuous tense. In general, a longer output unit
keeps more output context. As a result, instead of using single characters as the output unit,
word pieces as groups of characters have been widely adopted. To ensure that all words can
be expressed as a set of word piece units, single characters are usually combined with the set
of word pieces. One example of word piece representations is shown in Table 3.1.

Grapheme e n c o d e r <space> d e c o d e r <space>

word piece (prefix) _en co der _de co der
_enc o der _dec o der

word piece (suffix) en co der_ de co der_

Table 3.1 Illustration of word piece representing words in a target sequence. Note that
<space> represents the space character which is marked by word boundaries in word pieces.
Word boundary may either be marked as the prefix or suffix, using “_".

The set of word pieces is usually generated from a non-neural word piece model trained
on the text training data. Two commonly used word piece models are introduced in this
section, namely Byte Pair Encoding (BPE) (Gage, 1994) and unigram LM word pieces
(Whittaker and Woodland, 2000, Kudo, 2018). BPE starts building the word piece model
with graphemes. It iteratively groups the most common byte pair according to the grapheme
bi-gram together to form a new unit, until a designated number of word piece units is reached.
Alternatively, the unigram word piece model encodes each word using the most probable set
of word pieces based on the unigram probabilities of each word piece by applying the Viterbi
algorithm. The most probable set of word pieces is found based on the maximum unigram
probability of the training corpus. It can be either found by iteratively increasing the number
of word pieces until the desired vocabulary size is reached (Whittaker and Woodland, 2000),
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or iteratively removing word pieces that cause large probability reductions (Kudo, 2018).
Although the most probable encoding of a word is usually unique, there exists a vast number
of alternative word piece combinations for a word, as shown in Table 3.1. Regularisation can
be applied by taking advantage of multiple possible encodings (Kudo, 2018).

3.2.2 AED Model Structure

Based on the building blocks introduced in Chapter 2, this section introduces the RNN AED
model and the Transformer AED model, respectively. Moreover, the convolution-augmented
Transformer (Conformer) AED model is also introduced which has achieved state-of-the-art
performance on ASR tasks. In this section, the input acoustic feature sequence is denoted
using X = x1, ...,xT , and the corresponding output word piece targets are Y = y1, ...,yN .

3.2.2.1 RNN AED Model

The encoder and decoder in the RNN AED model are constructed using RNNs, or variations
of RNNs such as the LSTM, which are connected using the attention mechanism (Bahdanau
et al., 2014). The RNN encoder maps the input sequence X into intermediate representation
sequence H. If no subsampling is performed to the input, the sequence H has the same
sequence length as X. At each decoding step i, the encoded sequence H is first converted
into a context vector ci based on the attention mechanism. The attention mechanism allows
the model to focus on relevant parts by assigning high attention weights to those parts, and
hence the context vector can be seen as carrying the most relevant acoustic information from
the encoder that is needed at the current decoding step i. The decoder, based on an RNN,
then takes as input the context vector together with the previous output yi�1 and the previous
decoder state di�1 to predict a probability distribution over all modelling units for the current
step. The computation procedure can be summarised as follows:

H = Encoder(X), (3.19)

ai = Attention(ai�1,di�1,H), (3.20)

ci = Hai, (3.21)

P(yi|y1:i�1,X;q),di = Decoder(yi�1,di,ci) (3.22)

where ai is the vector containing attention weights that sum up to 1. During the training
process, the optimisation objective of the target unit yi is to maximise the output probability
given the ground truth history sequence y1:i�1, commonly referred to as teacher forcing.
Various decoding algorithms can be used, and greedy decoding is one of the simplest
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examples among them. During greedy decoding, the output unit with the highest probability
is generated and subsequently fed back into the next decoding step. The decoding procedure
starts with the start-of-sentence symbol <s> assigned to the initial input y0 of the decoder.
The process concludes when the end-of-sentence symbol </s> is generated, which allows
variable-length output sequences to be produced.

When using the standard RNN structure to implement the AED model. the structure is
shown in Fig. 3.2.

x1 x2 xT

h1 h2 hT

di

yi

Attention

ai-1

di-1

ai

ci

Decoder

Encoder

Fig. 3.2 AED model structure using a standard RNN.

Note that the encoder here uses a bi-directional RNN structure that captures information
in both directions. Bi-directional RNN encoders usually yield better performance but require
the model to see the entire sequence up to time T , which increases the latency of the output.
The attention mechanism takes the decoder hidden state from the previous step, di�1 as the
query which may also include information from the previous attention weights ai�1. The
keys are derived from H, and values are H. Originally, the AED approach was proposed
using additive attention as described in Section 2.1.5.1. When it was adapted to the ASR
task, content-based attention (Chan et al., 2016) as a generalised form of attention was used
which adopts the following computation to obtain attention weights:

âit =< f(di�1),y(ht) >, (3.23)

ai = Softmax([âi1, ..., âiT ]T ) (3.24)
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where f(·) and y(·) are two MLPs and <·> represents a scoring function which could be
addition or cosine similarity. Alignment, which is a crucial part of ASR, is achieved by the
attention weights in the AED model after training. This gives a “soft" alignment as shown
in the example in Fig. 3.3. Figure 3.3 depicts a matrix of attention weights where each row
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Fig. 3.3 Illustration of alignment achieved by the attention mechanism. The horizontal axis
is the time steps of speech input, and the vertical axis contains the sequence of output tokens
(word pieces) in top-to-bottom order.

represents a distinct set of weights utilised to generate a corresponding token. Each block
within a given row corresponds to a particular ait value, where darker shading indicates a
higher attention weight. As a result, after training the model is able to focus on a rough
region in the input corresponding to the output token at each decoding step.

Unlike many other tasks, ASR involves a monotonic alignment between the input and
output. To encourage such monotonicity, specialised attention mechanisms have been
developed. An instance of this is the location-based attention mechanism proposed by
Chorowski et al. (2015). This approach uses the attention weights from the previous step
as input to compute the attention weights for the current step. By considering the previous
attention location, the mechanism is able to guide the current attention towards regions
further ahead in the input, instead of focusing on past regions. The computation is shown
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below.

[fi1, ..., fiT ] = K⇤ai�1 (3.25)

âit = wT tanh(W1di�1 +W2ht +W3fit +b) (3.26)

ai = Softmax([âi1, ..., âiT ]T ) (3.27)

where K 2 RP⇥Q is a trainable convolution kernel matrix, and w,W1,W2,b are model
parameters. Each one of the P one-dimensional convolution kernels, of dimension Q, is
convolved with the previous attention weights at each time step t to generate one vector of
dimension T . The stack of these vectors is Fi = [fi1, ..., fiT ] where each fit is a column vector
of dimension P (since there are P kernels).

Other work on achieving better attention quality for AED models has been proposed in
ASR under different task specifications, including ones that enforce monotonicity (Raffel
et al., 2017, Chiu and Raffel, 2017) or leverage the locality characteristics (Tjandra et al.,
2017). It is worthwhile pointing out that, both content-based and location-based attention
require the entire input sequence to be present, and hence they are usually not suitable to
work in streaming mode. Work in (Raffel et al., 2017, Chiu and Raffel, 2017) provided
alternative attention mechanisms as solutions and allowed AED models to work in streaming
mode. Moreover, AED can also be combined with SCM as a re-scoring system to achieve
improved performance (Li et al., 2023, Li, 2022).

3.2.2.2 Transformer AED Model

The Transformer is naturally suited for the AED approach. It can also be applied to end-
to-end trainable ASR tasks, where the acoustic features are fed into the encoder and the
decoder takes the word piece token sequence. One difference when applied to speech tasks is
the positional embedding. The positional embedding in a standard Transformer is designed
to represent the absolute position of each element in a sequence. However, for lengthy
utterances with comparable segments in distinct positions, the application of positional
embeddings may lead to incorrect positional attention, particularly if the model is not trained
on similar data. Speech representations are expected to be insensitive to temporal shifts, such
as delays in the onset of an utterance. To address this issue, relative positional encoding
(RPE) has been proposed (Yang et al., 2019, Gulati et al., 2020) as a more effective approach
for encoding the relative position within a sequence in the context of speech-related tasks
using Transformer models. The RPE approach provides advantages in the ability to better
handle sequences with similar segments and maintain invariance to time shifts, which are
desirable characteristics for speech-related tasks.
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The relative position is defined as the position difference between the query at i and the
key at j. Then, a learnable embedding matrix R is used where for each possible value of i� j,
there is a corresponding representation ri� j. This embedding is added to the computation of
the attention score as follows, using self-attention as an example.

ai j =
xiWQ(x jWK + ri� j)T

p
dk

(3.28)

In general, the Transformer architecture presents a compelling alternative to RNN-based
AED structures for speech-related tasks. By enabling enhanced modelling of long-range
dependencies and enabling high levels of parallelisation of computation, Transformers have
demonstrated improved performance over RNN-based models. The Transformer architecture
may be utilised either in its entirety for ASR, or the encoder component may be used
independently to leverage the benefits of long-sequence modelling in conjunction with
an RNN-based decoder. Many modifications to the Transformer architecture have been
proposed for ASR tasks, with the Conformer model representing one of the most successful
and promising developments in this area.

3.2.2.3 Conformer and Conformer AED

The Conformer model (Gulati et al., 2020) combines the advantage of long-range dependency
modelling using an attention mechanism and the local correlation modelling of CNN into
one Transformer block. The details of the Conformer structure are shown in Fig. 3.4.

Two main modifications to the standard Transformer in the Conformer are the additional
convolution module and the two half-step FFNs which replaces the original single FFN in
the Transformer. The convolution module adopts two types of convolution: the pointwise
convolution and the 1D depthwise convolution. Pointwise convolution applies convolution
kernels of Cout⇥1 to the input of shape Cin⇥T where Cin is the number of input channels
(e.g. the dimension of input acoustic features) and Cout is the number of output channels.
The output of this is of size Cout⇥T . The first pointwise convolution has Cout = 2Cin, and
the second one has Cout = Cin. The gated linear unit (GLU) (Dauphin et al., 2017) after
the first pointwise convolution uses the second half (i.e. channels Cin to 2Cin) to perform
an element-wise gating activation on the first half (i.e. channels 1 to Cin). The depthwise
convolution uses a kernel of size Cout⇥K to convolve along the time dimension, where K is
the kernel size.
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Fig. 3.4 The Conformer Structure. (a). Overall structure. (b). The convolution module. (c).
The half-step FFN module.

Both the convolution module and the FFN module adopt the Swish (Ramachandran et al.,
2018) activation function, which takes the following form.

Swish(x) = x ·s(x) (3.29)

This activation function is often regarded as a smoothed version of ReLU, which is differen-
tiable everywhere. Swish tends to perform better than ReLU for very deep networks.

As for the Transformer encoder, the Conformer can be used as the encoder in the AED
model where the decoder can either be a Transformer or an RNN. It can also be used in other
ASR models such as in the AM of the SCM or in RNN-T which is introduced in Section 3.3.

3.2.2.4 Frontend

In ASR, the input sequence is often much longer than the output word piece sequence, which
makes it very challenging for attention mechanisms to learn the alignment. Meanwhile,
modelling very long sequences without subsampling can be computationally very expensive,
especially for RNNs. Therefore, frontend processing approaches have been adopted to
downsample acoustic features before sending them to the model. Subsampling frontend



3.2 End-to-end ASR with Attention-based Encoder-Decoder 51

x1 x2 x12…

h1 h2 h3

x1 x2 x12…

h1 h2 h3

CNN: Pooling stride 2

CNN: Pooling stride 2

Pyramid RNN CNN with Pooling

Fig. 3.5 Frontend processing using a pyramid RNN (left) or a stack of CNNs (right) with
stride 2 pooling.

modules are often achieved by using a pyramid RNN (Chan et al., 2016, Kim et al., 2016) or
a stack of CNN layers with pooling (Hori et al., 2017, Zhang et al., 2016, Gulati et al., 2020),
as shown in Fig. 3.5.

Note that both the pyramid RNN and the CNN shown in Fig. 3.5 achieve an effective
subsampling of 4. CNNs are also able to achieve robustness to noise and channel distortions
in ASR (Qian and Woodland, 2016).

3.2.2.5 Foundation Models as Encoders

Speech foundation models, such as wav2vec2.0 (Baevski et al., 2020), HuBERT (Hsu et al.,
2021) and wavLM (Chen et al., 2022), have also been applied to ASR, where most of them
work as encoders or feature extractors. When fine-tuning these models, the parameters of the
CNN feature encoder are usually not updated, and it often requires the foundation model to be
frozen for a number of updates. A tri-state learning rate scheduler comprising a warmup state,
a steady state and a linear decay stage is often used to fine-tune these models. Foundation
models as feature encoders often achieve superior performance compared to models such as
the Conformer trained from scratch (wen Yang et al., 2021), especially with a limited amount
of supervised training data.

However, speech foundation models usually have hundreds of millions of parameters,
and hence the inference latency of these models will be a bottleneck in their applications,
leading to high cost and a significant environmental footprint. This can be mitigated by
performing knowledge distillation (Hinton et al., 2014, Yang et al., 2022). Moreover, the
size of foundation models may significantly limit their ability to be combined with other
complex ASR models, e.g. the Conformer. Universal ASR models leveraging complex ASR
structures and trained on a very large amount of available ASR data have shown a similar
level of performance on many tasks without fine-tuning (Radford et al., 2023).
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3.2.3 AED Training

For standard attention-based model training, a teacher-forcing approach is used. That means
for each step forward in the decoder, the ground truth subword unit is used as the input to
obtain the next output. For each output step, the CE loss is minimised between the output
distribution over subword units and the target token represented using a one-hot vector with
1 for the index of the target and 0 otherwise. The loss function is shown in Eqn. 3.30.

L
CE = Â

u

N

Â
i=1
� logP(y(u)

i |y(u)
0:i�1,X) (3.30)

where the first sum is performed over all utterances in the training set, and the second is
performed over the sequence of output tokens. The model can thus be optimised using
gradient-based methods. Specifically for the Transformer and Conformer models, the Noam
learning rate scheduler (Vaswani et al., 2017) is often used which takes the form in Eqn. 3.31.

learning rate =
min(step�0.5,step⇥warmup�1.5)

p
dmodel

(3.31)

where the step is the current counter for the number of updates, warmup is a hyper-parameter
determining the number of steps where the learning rate is increasing, and dmodel is the
input/output dimension of the Transformer blocks. This learning rate scheduler can be
plotted as shown in Fig. 3.31 for different choices of hyper-parameters.
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Fig. 3.6 Plot of learning rate against the number of update steps using the Noam learning rate
scheduler under different settings of dmodel and warmup.
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In addition to the CE loss, sequence discriminative training approaches (Povey and
Woodland, 2002), such as MWE training, can also be applied to AED models.

3.2.4 AED Decoding

Decoding is the process to find the hypothesis Ŷ that maximises the following probability

Ŷ = argmax
Y

P(Y|X;q) (3.32)

The most straightforward decoding strategy is greedy decoding which selects the subword
with the highest probability at each step during the decoding process. However, this approach
often leads to a significant number of search errors. This is due to the decoder being
autoregressive, where the distribution of the next output depends on the previously output
tokens. As a result, the current most probable subword may not be included in the overall
best sequence. Consequently, it is ideal to maintain multiple options at each decoding stage.
Nevertheless, the number of hypotheses that must be tracked increases exponentially with
decoding steps.

Beam search is a popular breadth-first heuristic search algorithm, which is commonly
employed to generate high-quality results within the computational constraints of the system.
For AED models, a straightforward search without pruning would result in an exponential
expansion of the search tree as the sequence length increases. To overcome this problem,
beam search for AED models only maintains at most N paths within the search at each stage,
which are the most promising based on their likelihood scores. However, selecting a very
small beam size would increase the risk of search errors, whereas a larger beam size would
extend the decoding time linearly. To optimise the search, the hidden state of the decoder
is cached for each path in the search tree to avoid redundant computation during the tree
expansion. The decoding process terminates when the end-of-sentence token is generated,
and the maximum number of decoding steps is typically limited to prevent excessively long
sentences (often set to the input sequence length in AED).

As the alignment achieved by attention is not restricted to being strictly monotonic and
covers the entire input sequence, the model may either get trapped in a certain region and
repeatedly generate the same token or skip a segment of speech. Therefore, AED models
often suffer more from insertion and deletion errors. To overcome both issues in decoding, a
length penalty term is often added to penalise long hypotheses, and a coverage penalty term
is applied to encourage the attention mechanism to cover the entire sequence. The criterion
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in Eqn 3.32 can be rewritten as follows.

Ŷ = argmax
Y

n
logP(Y|X;q)+k1|Y|+k2

T

Â
t=1

⇣ K

Â
i=1

akt > t
⌘o

, (3.33)

where the hyper-parameters k’s and t require tuning on a separate validation set, and |Y|

denotes the length of the hypothesis. The indicator function (·) returns the value 1 if the
argument is true and zero otherwise. The final term represents the coverage penalty term,
which takes into account the number of frames that have cumulative attention values greater
than t . The coverage term serves to prevent repetition issues, as it discourages the model
from focusing excessively on previously attended frames. This is because revisiting multiple
frames does not contribute to the overall coverage (Chorowski and Jaitly, 2016).

3.2.5 MWE Training for AED

To further improve the performance of the AED model trained with the CE loss, the MWE
loss can be applied. The MWE loss in end-to-end ASR systems, in general, minimises
the expected value of word errors across all possible output sequences of a given input.
Denoting the word-level output sequence W = {w1, ...,wL} and input sequence X = x1:T for
convenience, the MWE loss can be written as Eqn. (3.34).

L
MWE = Â

W
P(W|X)WMWE(W,W⇤), (3.34)

where W⇤ is the ground-truth output sequence and W
MWE(·) is the risk function representing

the number of word errors calculated using an edit distance between each possible sequence
W and the ground-truth sequence W⇤. The sum is performed over all possible sequences
and P(W|X) is the probability of a specific sequence calculated from the end-to-end ASR
model output. As it is intractable to enumerate all possible sequences and calculate their
probabilities, a common practice which has been widely adopted in MWE training for end-
to-end ASR systems (Prabhavalkar et al., 2018, Weng et al., 2018, Wynands et al., 2022) is
to use the N-best hypotheses to approximate the probable set of likely outputs and hence
the expected word errors. The N-best hypotheses are obtained by applying the beam search
algorithm for each utterance in a minibatch during training, and the approximation is shown
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in Eqn. (3.35).

L
MWE

⇡
ÂWi2BeamN(X) P(Wi|X)WMWE(Wi,W⇤)

ÂWi2BeamN(X) P(Wi|X)

= ÂWi2BeamN(X)
P̂(Wi|X)WMWE(Wi,W⇤), (3.35)

where BeamN(W) = {W1, ...,WB} is the N-best hypotheses obtained via beam search, and
W

MWE(Wi,W⇤) represents the edit-distance between two sequences. The probabilities of
the N-best hypotheses are normalised to form a valid distribution, where each normalised
probability is represented as P̂(Wi|X). Moreover, the average number of word errors over
the N-best hypotheses is often subtracted from the number of word errors in each hypothesis
as a form of variance reduction.

The MWE loss can be applied to the AED model following the training scheme proposed
by Prabhavalkar et al. (2018) which also interpolated with the CE loss for better training
stability, as shown in Eqn. (3.36).

L = L
MWE + µL

CE, (3.36)

where L is the total loss function to be minimised, and L
CE is scaled by a hyper-parameter

µ . As it is hard to train a randomly initialised model with the MWE loss, the MWE loss is
applied from the epoch when the model is reasonably trained with the CE loss, which depends
on the optimisation algorithms used. Moreover, to boost the efficiency of beam search which
is the bottleneck of time complexity for MWE, parallelised beam search algorithms are often
implemented (Sun et al., 2022a) by parallelising the model forward computation of all beams
of all utterances in the same mini-batch on a GPU.

3.3 End-to-end ASR with RNN-T

AED is an end-to-end trainable ASR system design that generates one output per token while
aligning the input speech with output tokens through an attention mechanism. However,
since the attention mechanism typically requires the entire sequence as input, the ability
of the AED model to work in a streaming mode is limited without the dedicated design of
attention mechanisms (Raffel et al., 2017, Chiu and Raffel, 2017). Thus, the development
of a frame-synchronous system design is essential to enable the model to generate output
whenever it receives a new frame of speech input.

Two typical end-to-end ASR models that are frame-synchronous are the connectionist
temporal classification (CTC) (Graves et al., 2006) and the neural transducer (NT) (Graves,
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2012). In particular, this thesis specifically focuses on the neural transducer, specifically,
the RNN Transducer (RNN-T) Note that transducer models with a Transformer/Conformer
encoder are also referred to as an RNN-T throughout this thesis. The RNN-T provides a
natural way for streaming ASR because of its dependence on the previous output tokens
and the speech sequence up until the current frame. With this natural streaming capability,
RNN-T has become the most widely-used end-to-end model in industry (Prabhavalkar et al.,
2017, Sainath et al., 2020, Li et al., 2020a, He et al., 2019).

This section introduces the model structure of the RNN-T approach, and how it can
be trained with error back-propagation together with the efficient decoding algorithms for
RNN-T.

3.3.1 Model Structure

A typical RNN-T model comprises an encoder, a predictor and a joint network, as shown in
Fig. 3.7 (a). The encoder encodes the acoustic feature sequence x1, ...,xT into the sequence
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Fig. 3.7 RNN-T model and alignment illustration: (a) The overall RNN-T model. (b) A trellis
diagram showing one possible alignment of the example text “cat" with 6 input frames.

of encoder hidden states henc
t , similar to the encoder in AED and is analogous to the AM in

SCM. Therefore, any techniques such as the frontend, Conformer structure and foundation
models that can be applied to the AED encoder, can also be applied to the RNN-T encoder.
The predictor, typically a uni-directional LSTM, encodes the previous tokens up to step
i�1 into a compact vector representation hpred

i , which is analogous to the LM in an SCM.
The joint network, which is often a shallow MLP, combines the text information from the
predictor at step i and the acoustic information from the encoder at time step t, and output
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zt,i for each combination of (t, i).

zt,i = tanh(Wenchenc
t +Wpredhpred

i +b) (3.37)

After Softmax, this vector is applied and the distribution over all possible output tokens is
produced.

P(yi = a|y1:i�1,x1:t) = Pt,i(a) = Softmax(zt,i)a (3.38)

To achieve alignment, in addition to all word piece units, RNN-T also includes a blank
symbol, ?, in the output space.

A trained RNN-T generates recognition results in the following way (assuming greedy
decoding). At each encoder step t with decoded history y1:i�1, a distribution P(yi|t, i) over
all output tokens is calculated, and the token with the highest probability is chosen as the
next token. Then, if the decoded token is ?, the model moves on to the next encoder step and
repeats the procedure. Otherwise, the model stays at the current encoder step and continues to
generate the next token with the new history sequence y1:i. The resulting hypothesis contains
N +T tokens including T ? symbols and N word piece tokens.

Therefore, the RNN-T achieves alignment by inserting T blank symbols. For in-
stance, if the target sequence is “cat" and there are 6 frames, two possible alignments
are “c??a??t??" and “?ca????t?". In the trellis diagram shown in Fig. 3.7 (b),
moving upward corresponds to outputting a non-blank symbol and staying at the current
frame, while moving rightward corresponds to outputting ? and moving to the next time step.
Define each path leading from the bottom-left corner to the top-right one as one alignment
H 2 Align(Y), the original target sequence Y or the recognition results can be obtained by
removing all blank symbols from the obtained alignment, denoted as Y = Align�1(H).

3.3.2 RNN-T Training

The RNN-T is trained by maximising the probability of the target sequence given the speech
input, which is expressed as the sum of probabilities of all possible alignments. Given
the input acoustic features X = x1, ...,xT and output sequence Y = y1, ...,yN as before, the
RNN-T loss is shown in Eqn. 3.39.

LRNN-T =� logP(Y|X) =� log Â
H2Align(Y)

P(H|X) (3.39)

The loss can be computed efficiently using the forward-backward algorithm (Baum, 1972),
and the gradient w.r.t. the model parameters can be calculated by the chain rule starting from
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the partial derivatives w.r.t. each arrow (i.e. each element in P(yi|t, i)) can be calculated as:

∂LRNN-T

∂q
= Â

i
Â
t

Â
k

∂LRNN-T

∂Pt,i(k)
∂Pt,i(k)

∂q
(3.40)

The first term can then be arranged as

∂LRNN-T

∂Pt,i(k)
=�

1
ÂH P(H|X)

∂ ÂH P(H|X)

∂Pt,i(k)
(3.41)

Denoting Hi,t,k as the set of all alignments that pass through arrow Pt,i(k), the second partial
derivative term in Eqn. 3.41 can be written as:

∂ ÂH P(H|X)

∂Pt,i(k)
=

∂ ÂH2Hi,t,k P(H|X)

∂Pt,i(k)
(3.42)

Then, define forward variable ai,t as the sum of probabilities of paths leading to position
(t, i), and bi,t as the sum of probabilities of paths starting from position (t, i) to the top-right.
The ÂH2Hi,t,k P(H|X) can be written as:

Â
H2Hi,t,k

P(H|X) =

8
<

:
ai,tPt,i(k)bi,t+1,k = ?
ai,tPt,i(k)bi+1,t ,k 6= ?

(3.43)

Note that neither ai,t , bi+1,t nor bi,t+1 contains a factor of Pt,i(k). Hence the derivative in
Eqn. 3.42 can be written as.

∂ ÂH P(H|X)

∂Pt,i(k)
=

8
<

:
ai,tbi,t+1,k = ?
ai,tbi+1,t ,k 6= ?

(3.44)

This results in the closed-form solution of the gradient to each element in the vector after
Softmax using the forward-backward algorithm, and hence error back-propagation can be
performed in a standard way for the rest of the network.

While RNN-T gives good performance on small footprint on-device models (He et al.,
2019), it can also perform well with large-scale models trained with a very large amount
of data. Training for RNN-T with a Conformer/Transformer encoder also uses the same
optimisation and learning rate scheduling methods as the Conformer/Transformer AED.
However, when using a bi-directional encoder, such as Conformer, limited future context can
be used if working in streaming mode. This results in a trade-off between the latency and
future context that needs to be balanced.
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3.3.3 RNN-T Decoding

As for the AED approach, RNN-T decoding aims to find the most likely output token
sequence

Y ⇤ = argmax
Y

P(Y|X) = argmax
Y

Â
H2Align(Y)

P(H|X) (3.45)

As this expression is intractable, it is usually approximated by finding the most likely
alignment H, as shown below.

H⇤ = argmax
H

P(H|X) = argmax
H

’
Hi

P(Hi|H1:i�1,X) (3.46)

In this formulation, the best alignment sequence can be found using a beam search algorithm
that is modified for the RNN-T. The beam search algorithm for RNN-T iterates over each
encoder step whereas for AED it is synchronous with the decoder. At each encoder step, the
RNN-T model will continue to generate new tokens until B probable sequences ending with
? are obtained, where B is the beam size. Details are shown in Algorithm 2.

Algorithm 2 Beam Search Decoding for RNN-T
Initialise: B = {}, Beam size W
for t from 1 to T do

Merge alignments in B corresponding to the same Y,
Set A = B, B = {},
. A stores beams that need to be expanded by a further symbol
. B stores beams that ends with ? and are ready to move to t +1
. Keep expanding the best beams in A and storing those expanded with f into B, until
there is no change to the top W beam in B
while B contain fewer than W elements more probable than most probable in A do

Take the best current beam b=(y1:i�1, P(y1:i�1|X)) from A
Compute distribution Pt,i(k)
Add Pt,i(?) to P(y1:i�1|X) to make b⇤, save b⇤ to B
for Most probable W non-blank symbols do

Add each Pt,i(k) to P(y1:i�1|X) and append k to y1:i�1 to form b⇤.
Add b⇤ to A

end
end
Keep only the top W beams in B

end
Return the best beam in B

The most computationally intensive part of Algorithm 2 is the “while" loop that continues
to generate multiple tokens until all W most probable beams end with ?. As an effective
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simplification, one-step-constrained (OSC) decoding (Kim et al., 2020) can also be used
where it limits one non-blank token to be output at each encoder step.

3.3.4 MWE Training for RNN-T

MWE training can also be used for RNN-T, where the same N-best list approximation as for
AED can be used Weng et al. (2020), Guo et al. (2020). The N-best list can be obtained by
running a beam search for each utterance and getting the N-best alignment hypothesis and
transforming those alignments into word-level sequences. As for AED, the total loss is also
the sum of the CE loss and RNN-T loss scaled by µ . However, as the beam search algorithm
for RNN-T has a much higher time complexity than AED due to its frame synchronicity,
the training speed could be very slow. To mitigate this problem, Guo et al. (2020) improved
MWE training by relating the gradient calculation for each alignment of a hypothesis in the
N-best list to the original RNN-T loss function, which enabled offline decoding of N-best
lists when abundant CPU resource was available. Moreover, (Sun et al., 2022a) adopted OSC
decoding to find the N-best list which can be efficiently implemented on a GPU which will
be discussed in Chapter 4 in more detail.

3.4 Neural LMs

Instead of relying on frequency count statistics from a text corpus to estimate the LM, an
alternative approach is to train DNNs for word prediction, which can be used as LMs (Bengio
et al., 2003). The advantage of this approach is that the Softmax output layer over the
vocabulary does not assign zero probability to any predicted word, and non-linear functions
can extract word embeddings that contain semantic and contextual information. The MLP
and CNN can both serve as LMs, where the input is the concatenation of embeddings
corresponding to the previous n words, as in the standard n-gram LM. To model long-term
dependencies, Recurrent Neural Network LMs (RNNLMs) are commonly employed, where
instead of directly sending word embeddings, RNNs (or LSTMs) encode the previous word
embeddings into a single compact representation (Mikolov et al., 2010, Oparin et al., 2012,
Sundermeyer et al., 2012, Chen et al., 2014, 2016). More recently, the Transformer has
emerged as a powerful language model that can capture longer-term dependencies (Radford
et al., 2018, Al-Rfou et al., 2019, Wang et al., 2019, Yang et al., 2019, Irie et al., 2019).
Furthermore, Transformer-based LMs have enabled large-scale training with extensive data,
resulting in language foundation models that serve as initialisation points for achieving better
performance on related language tasks (Radford et al., 2019, Brown et al., 2020).
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NNLMs can be used in both SCM and end-to-end ASR systems. In an SCM system, due
to the long-term dependency, second-pass decoding is usually needed where the LM serves
to re-score to re-rank multiple hypotheses. In end-to-end models, LM log probabilities (or
scores) can be interpolated with the model output log probabilities in the log-linear space to
achieve joint decoding, known as shallow fusion (SF) (Gulcehre et al., 2015). The LM can
also be used as a part of the input to an AED model via various neural interfaces (Gulcehre
et al., 2015, Sriram et al., 2017, Shan et al., 2019). Note that the RNN AED model without an
encoder and attention is essentially a word piece RNNLM, and the same for the Transformer
AED. The predictor in the RNN-T also has a similar functionality as an RNNLM. Therefore,
all end-to-end ASR models mentioned in this thesis learn an implicit internal LM during
training that might degrade the system’s performance when tested on data that does not share
the same language patterns as the training data.

This section introduces the RNNLM and Transformer LM, and their application in both
SCM and end-to-end ASR systems. LM discounting methods which aim at mitigating the
aforementioned language pattern mismatch issue will also be introduced.

3.4.1 RNNLM

To model long-term dependency, the RNNLM has been developed and shown its ability
to incorporate information from a much longer history than n-gram LMs. The RNNLM
was first proposed in (Mikolov et al., 2010) where a single layer RNN was used to show its
superiority over a 5-gram LM with KN-smoothing. The work in (Sundermeyer et al., 2012)
extended RNNLMs to use the LSTM architecture that enriched the history representation.
Meanwhile, it was discovered in (Oparin et al., 2012) that further improvements could be
achieved by linearly interpolating the RNNLM with n-gram LMs. Moreover, the work in
(Chen et al., 2014) enabled efficient GPU training of RNNLMs with sentence “bunches". The
toolkit released by (Chen et al., 2016), in addition, supported faster training algorithms and
loss function (e.g. noise contrastive training (Gutmann and Hyvärinen, 2010)) which allow
RNNLMs to be trained efficiently on large corpora, and hence improve the performance
evaluated by PPL and also WER on ASR tasks. The basic RNNLM structure is illustrated
in Fig. 3.8 (left). Each word wt in the input sequence will be assigned a unique index, and
also a fixed-length vector representation wt , known as the word embedding by looking up an
embedding matrix using the index. The RNNLM models the conditional probability distribu-
tion using the complete back history which is represented with a hidden state vector ht�1.
The output which is the predicted distribution of the next word over the entire vocabulary
is derived from a Softmax output layer. By using the RNN structure, the prediction is not
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v

Fig. 3.8 RNNLM. Left: vanilla single layer RNNLM structure for the word sequence w1:N .
Right: RNNLM adaptation with auxiliary input feature.

limited to a fixed number of preceding words. Moreover, the LSTM structure may be used to
replace the basic RNN to achieve better performance.

Since surrounding utterances may also provide useful information for the recognition
of the current utterance, whereas it is difficult to incorporate cross-utterance information
directly into an n-gram-based SCM, cross-utterance LMs are designed to include cross-
utterance information from the language aspect. A typical simple design is to extend the
representation of hi�2 to cover previous utterances. However, limited by the single compact
vector representation, it often yields a suboptimal performance. Another way is to incorporate
cross-utterance information, or other global information using LM adaptation approaches, as
shown in Fig. 3.8 (right). This extra information is encoded in a fixed length vector as an
auxiliary feature input. This includes topic information Mikolov and Zweig (2012), genre
information Chen et al. (2015b) and surrounding utterance information encoded using a
DNN (Jaech and Ostendorf, 2018) or an attention mechanism (Sun et al., 2020b). When
incorporating long-range cross-utterance information, Transformer LM is often a better
choice than RNNLM.

3.4.2 Transformer LM

The Transformer structure can also be used in LMs which are usually built on the Transformer
decoder part as shown in Fig. 3.9 without cross-attention. For auto-regressive decomposition,
the lower-triangular mask is used such that information from the current and future ground-
truth words will not flow into the probability prediction of the current word. Early work in
this area included Radford et al. (2018, 2019), Al-Rfou et al. (2019) who used transformer
decoders and achieved improved performance in terms of PPL. Later research Wang et al.
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Fig. 3.9 Transformer LM using the Transformer decoder structure without cross-attention.

(2019), Yang et al. (2019) improved the performance further by an architecture search and
the use of recurrent connections between transformer blocks (Sun et al., 2021b). Work in Irie
et al. (2019) showed the effectiveness of transformer LMs in ASR.

3.4.3 LM Fusion in End-to-end Trainable ASR Models

Despite the implicit internal LM in AED and RNN-T, integration of an external LM is often
found useful empirically, especially when the external LM brings abundant or domain-specific
knowledge that is not covered in the training set.

3.4.3.1 Shallow Fusion

LM shallow fusion (SF) integrates the LM log probability via log-linear interpolation. When
used in SF, the LM usually operates at the word piece level with the same word piece
vocabulary as the end-to-end ASR model. Denoting the sequence of word pieces output from
the ASR model as Y, the operation of SF is given in Eqn. 3.47.

Ŷ = argmax
Y

{logP(Y|X)+aPLM(Y)} (3.47)
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where a is an interpolation hyper-parameter that needs to be tuned on the validation set.
When applied to AED, SF could be performed for each output token at each decoding step
as the decoding is synchronous with LM output. When applied to RNN-T, the interpolation
happens whenever there is a new word piece (non-blank) output from RNN-T as the LM
does not provide scores for ?. Note that LM SF changes the hypotheses kept at each beam
search step, and hence the final result hypotheses are in general different from not using SF.

For SF to be effective, the external LM is usually trained on a larger corpus or on the
target domain for cross-domain evaluation. However, as the l is often a fixed value that is
applied to all utterances during decoding, it lacks the flexibility of dealing with different
utterances under a different context, and other earlier fusion methods have been proposed to
mitigate this problem by performing model-level fusion. Note that this issue with SF also
exists for SF-based contextual biasing, which is analysed in Chapter 4.

3.4.3.2 Other Fusion Methods

Two typical alternative fusion approaches are introduced here, namely deep fusion and
“cold" fusion, that are most commonly seen in AED models, as shown in Fig. 3.10. Both
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Fig. 3.10 LM deep fusion (left) and “cold" fusion (right) for AED model.

fusion methods use the self-gating mechanism to extract useful information from the vector
representation si. In deep fusion, the LM hidden state is used to derive si, whereas in
“cold fusion", the LM output distribution is used. The gated vector from the LM is then
concatenated with the decoder output state, which is similar to LM adaptation in Sec. 3.4.1.

3.4.3.3 Internal LM Discounting

Since each output of an AED model depends on the full history of previous outputs, the
ASR model has implicitly learned an internal LM. Although internal LM scores can not
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be computed explicitly, various internal LM estimation and discounting algorithms have
been developed to minimise the internal LM effect on end-to-end ASR models, in particular
when applying the model to a test set in a different domain from the training data. In
(McDermott et al., 2019), a density ratio method was introduced to estimate the score from a
source-domain external LM that is to be subtracted from the target-domain LM score. Later,
the HAT model was proposed to preserve the modularity of a hybrid system and allowed
internal LM scores to be estimated and discounted (Variani et al., 2020). An internal LM
estimation method was proposed in (Meng et al., 2021b) to estimate the source-domain
LM score directly from the end-to-end ASR model. This method was further improved by
performing internal LM training (Meng et al., 2021a) in order to better estimate the internal
LM score. Moreover, (Zhang et al., 2022) proposed regularising the internal LM in RNN-T
training to avoid over-fitting to text priors.

The density ratio-based approach (McDermott et al., 2019) which directly relates to the
biasing-driven LM discounting method introduced in Chapter 4 is explained in detail here.
After decomposing the probability of each possible sequence Y into a token-level sequence,
P(yi), the probability of each output token yi after SF, can be written as

P(yi) = Pmdl(yi|X)Ptgt(yi)
a , (3.48)

where Pmdl(yi|X) is the model output probability and Ptgt(yi) is the external LM probability
for yi, and the conditions on acoustic and history information were omitted for clarity. The
density ratio method provides a Bayes’ rule-grounded way to reduce the effect of the internal
LM in the end-to-end system especially when there is a difference between the source and
target domain data. That is,

P(yi) = Pmdl(yi|X)
Ptgt(yi)a

Psrc(yi)b , (3.49)

where Psrc(Y) refers to the probability of the output sequence predicted by an LM trained on
the source domain. The factors a and b are hyper-parameters. In this way, the probabilities
of commonly seen text patterns in the source domain are penalised, whereas those of text
patterns specific to the target domain are boosted.

3.5 End-to-end Spoken Language Understanding

The aim of Spoken Language Understanding (SLU) (Tur and Mori, 2011) is to extract
important information from speech input to interpret the meaning of the speech. In contrast
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to ASR which transcribes “what they said", SLU aims at extracting “what they meant". SLU
is a core component that connects ASR and desired response generation in a task-oriented
dialogue system, which aims to capture the semantics of user queries. A typical SLU system
performs intent detection and slot-filling tasks. Intent detection is the task that determines
the user intent in the input utterance and slot filling is the task that aims to fill predefined
slots with the correct values. Two examples from SLU tasks are shown in Fig. 3.11.

Context: I want to order McDonald’s 

Intent: order_food 
Slot: {restaurant_name: McDonald’s}

Context: Play Shape of You by Ed Sheeran  

Intent: play_music 
Slot: {artist_name: Ed Sheeran} 
         {song_name: Shape of You}

Fig. 3.11 Two examples showing SLU tasks where the text marked in red is the expected
string value in the utterance for slot filling.

In contrast to natural language understanding (NLU), SLU takes speech as input, which
means there are challenges with dealing with noisy transcriptions from an ASR system. A
commonly adopted approach is to construct a pipeline system, where a standalone ASR
system is used to transcribe speech into text which may contain errors and a standalone
NLU system is used to extract intent and slot information from text. Such a pipeline system
can not be jointly optimised as the gradient is unable to propagate through transcriptions.
However, by leveraging pre-trained foundation models and advanced end-to-end trainable
ASR technologies, pipeline systems usually achieve reasonably good performance and may
outperform end-to-end trainable systems in certain scenarios (Desot et al., 2022, Lichouri
et al., 2022).

On the other hand, as for end-to-end trainable ASR, end-to-end trainable SLU systems
still possess an inherent advantage in the simplified pipeline and a jointly optimised objective
(Serdyuk et al., 2018, Haghani et al., 2018, Radfar et al., 2020). Therefore, designing more
effective end-to-end SLU systems that carry forward these advantages is the main research
focus in SLU. This section introduces commonly used SLU systems, with a particular focus
on end-to-end system designs. It also discusses how pre-trained foundation models can
benefit SLU systems, followed by commonly used evaluation metrics for SLU.

3.5.1 SLU System Design

This section introduces three different SLU system designs that are frequently used in
recent research. This includes the pipeline system, the end-to-end trainable system with a
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differentiable neural interface (Rao et al., 2021, Raju et al., 2022, Seo et al., 2022), and the
end-to-end trainable system without an explicit ASR module (Radfar et al., 2020, Wang et al.,
2021). These systems are illustrated in Fig. 3.12.

ASR

NLU

ASR

NLU

Speech Encoder

Sequence Generator

Hypothesis

Intents, Slots

Hyp.d1,…,dN h1,…,hT

Speech Input

Pipeline System End-to-end Trainable Systems

Speech Input Speech Input

Intents, Slots Intents, Slots

Fig. 3.12 Illustration of three types of SLU models commonly used in recent research.

In the pipeline system, 1-best ASR hypotheses are obtained from an ASR sub-system,
and the NLU module, which is usually trained on the oracle transcriptions, is used to extract
intents and slots from the hypotheses. To mitigate any mismatch and increase the robustness
of the NLU module to ASR errors, N-best hypotheses may be used instead of only 1-best for
pipeline systems (Ganesan et al., 2021).

Two typical end-to-end trainable SLU systems are shown on the right of Fig. 3.12. The left
one adopts a differentiable neural interface that takes the sequence of vector representations
from an end-to-end trainable ASR system, e.g. hidden states of the final decoder layer (Rao
et al., 2021) or the output distribution over word pieces (Seo et al., 2022), and the NLU
module takes these vectors as input and predicts the targets. Gradient back-propagation is
allowed through this neural interface, hence achieving end-to-end training. Moreover, such
systems have an explicit ASR module and hence explicit 1-best hypotheses which can be
used to bootstrap the performance of the NLU module in a deliberation manner (Raju et al.,
2022), especially for those that use pre-trained foundation models.

The other possible end-to-end system design directly extracts semantic information from
speech, without explicit ASR and NLU modules. This type of system usually adopts a
powerful speech encoder that transforms speech into a sequence of hidden states h1, ...,hT

that is synchronous with the frames. Then, a sequence generation module, such as an LSTM
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or a Transformer LM, is used to generate text sequences containing slot and intent information
based on the speech encoder output. These systems usually heavily rely on powerful speech
representations, such as pre-trained speech foundation models. Also, there are no explicit
ASR hypotheses bootstrapping the performance.

This thesis focuses on the end-to-end trainable SLU system with neural interfaces. After
taking the decoder hidden states and ASR hypotheses, there are mainly two ways for the
NLU module to generate intents and slot values, as shown in Fig. 3.13.

Play

Sequence Tagging Network

None None None artist_name artist_name

songs by Ed Sheeran

play_music

Sequence Generation Network

Play songs by Ed Sheeran </s>

Intent is play music <sep> artist name is Ed Sheeran

Sequence Tagging System

Sequence Generation System

Fig. 3.13 Two types of NLU modules to perform intent detection and slot filling.

The top part of Fig. 3.13 is the sequence tagging system which generates one slot label
for each word or sub-word unit in the input sequence. This assumes that one word only
belongs to one slot type. On the other hand, NLU can be formulated as a sequence generation
task as shown at the bottom of Fig. 3.13. This system takes the utterance as the prompt to
a generation network and performs slot filling either via question-answering (QA) (Shah
et al., 2019, Budzianowski and Vulić, 2019) by asking the value of each slot type or as a pure
language generation that generates the slot type followed by its value in natural language
(Mehri and Eskenazi, 2021). In particular, the QA formulation is able to handle unseen slot
types when applied in a cross-domain scenario, whereas the natural language generation
formulation and the entity tagging formulation are in theory only able to cope with slot types
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in the training data unless specific mechanisms are used (Sun et al., 2023b). Note that the
formulation of the intent detection here is not critical as the generation-based formulation
with fixed syntax for a finite set of intents is essentially the same as classification.

3.5.2 End-to-end SLU with Pre-trained Models

End-to-end SLU systems significantly benefit from pre-trained speech and language founda-
tion models. The pre-trained speech foundation model acting as the speech encoder achieves
better ASR performance and provides more powerful representations that can be used by
the NLU or sequence generator (Wang et al., 2021, Peng et al., 2022). On the NLU side,
BERT-like (Devlin et al., 2019, Chen et al., 2019a, Liu et al., 2019a, Hosseini-Asl et al.,
2020) models can be used to achieve effective sequence tagging while GPT series (Radford
et al., 2019, Brown et al., 2020) and T5 (Raffel et al., 2019) causal foundation models are
able to achieve superior performance on sequence generation (Namazifar et al., 2020, Liu
et al., 2022, Hosseini-Asl et al., 2020, Madotto et al., 2020).

As manual fine-grained annotation for slot labels is expensive, time-consuming, and
usually requires domain expertise, foundation models are also used to cope with the increasing
demands on the performance of SLU systems for few-shot or even zero-shot learning setups
(Fuisz et al., 2022, Henderson and Vulić, 2021, Du et al., 2021). Such work often leverages
the few-shot learning ability of foundation LMs (Brown et al., 2020) and adopts the QA or
text-generation formulation for slot filling. The combination of end-to-end trainable SLU
and foundation LMs will be further reviewed and discussed in Chapter 6.

3.5.3 SLU Evaluation

Commonly adopted evaluation metrics for SLU systems use percentage accuracy for intent
detection, and micro-averaging of the entity F1 scores for slot filling (Bastianelli et al., 2020).
The intent accuracy is the ratio between the number of utterances with correctly classified
intents and the total number of utterances in the test set. The micro entity F1 score computes
the harmonic mean between precision and recall across the test set. Precision and recall
values can be computed by finding the True Positives (TP), False Negatives (FN), and False
Positives (FP) that occurred in the test set, as shown in Eqn. 3.50.

Precision =
TP

TP+FP
, Recall =

TP
TP+FN

(3.50)

For each utterance, all possible slot types will either have an entity value if mentioned or a
“none" value if not mentioned. TP is defined as the number of slots with entity values that are
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filled with the correct entities. FP is the number of slots that are filled in with an incorrect
entity value. FN is the number of slots with an entity value but filled with an incorrect value
or “none". Note that a slot with an entity value but filled in with a wrong entity value is
counted in both FP and FN, as it misses the correct entity and also gives a wrong prediction.
Therefore, precision is a measure that indicates how many of the predictions made by the
model are true slot entities, while recall indicates how many true slot entities have been
covered by the model prediction. The F1 score is then computed as:

F1 = 2⇥
Precision⇥Recall
Precision+Recall

(3.51)

In addition to micro-averaging, domain macro-averaging may also be used to evaluate the
performance which first computes micro F1 within each domain (e.g. computes for restaurant-
related slots and hotel-related slots separately), and then averages across all domains in the
test set. This is often used when clear domain definitions are given.

Algorithm 3 Distance-based F1 score for utterance s

Input: E , Ê . gold and predicted entities respectively
Initialise: TP, FP, FN 0
Initialise: Ls set of gold slot types in s
Define: dist(·, ·) edit distance measure for ê in Ê do

if ê.slot_type 2 Ls then
Pl  {(e, ê)|8e 2 E ,e.label = ê.label} if |Pl| > 0 then

(e, ê) argmin(e,ê)2Pl
dist(e, ê)

TP + = 1
FP + = dist(e.slot_value, ê.slot_value)
FN + = dist(e.slot_value, ê.slot_value)
E .remove(e), Ê .remove(ê)

else
FP + = 1, Ê .remove(ê)

else
FP + = 1, Ê .remove(ê)

end
for e in E do

FN + = 1, E .remove(e)
end
Return TP, FP, FN

The main problem with the entity F1 score is that it does not give partial credit to the
model prediction. For example, if the model only predicts “Sheeran" for the target “Ed
Sheeran", this is entirely counted as a False positive. To give partial credit to the model
prediction, SLU-F1 is proposed in (Bastianelli et al., 2020) as the unweighted average
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of distance-based F1 scores at word and character levels. The calculation of each of the
distance-based F1 scores is shown in Algorithm 3. The key feature of this algorithm is that
when the reference and the hypothesis have different values for a specific slot type, it first
acknowledges the correctness of having that slot type extracted by increment 1 in TP, and
then increase FP and FN by the edit-distance. The use of SLU-F1 ensures that a non-zero F1
score will be given even if the slot value is incorrect, as long as there is an overlap in the text.
SLU-F1 is used in all slot-filling evaluations in Chapter 6.

3.6 Summary

Based on the building blocks introduced in Chapter 2, this chapter introduced end-to-end
trainable ASR and SLU systems as two main tasks considered in this thesis. While both tasks
heavily rely on DNNs that are trained with specific training data and static model parameters,
they often exhibit degraded performance on infrequent or unseen words or entities. The
following chapters aim at addressing this problem via contextual knowledge integration,
using the proposed tree-constrained pointer generator (TCPGen) component.





Chapter 4

Tree-Constrained Pointer Generator for
End-to-End Trainable ASR

4.1 Introduction

End-to-end ASR systems often suffer from high recognition errors on words that are rare or
not included in the training set. This is known as the long-tail word problem. Contextual
biasing integrates external contextual knowledge into ASR systems at test-time, which plays
an increasingly important role in addressing the long-tail word problem in many applications
(Williams et al., 2018, Chen et al., 2019b, Zhao et al., 2019, Pundak et al., 2018, Chen et al.,
2019c, Alon et al., 2019, Le et al., 2021b,a, Garg et al., 2020, Kang and Zhou, 2020, Huang
et al., 2020, Liu et al., 2020a). Contextual knowledge is often represented as a list (referred to
as a biasing list) of words or phrases (referred to as biasing words) that are likely to appear in
a given context. There exist a variety of resources from which biasing lists can be extracted
or organised, such as a user’s contact book or playlist, recently visited websites and the
ontology of a dialogue system etc. Although biasing words occur infrequently and hence
may only have a small impact on the overall word error rate (WER), they are mostly content
words, such as nouns or proper nouns, and are thus particularly important to downstream
tasks and highly valuable. A word is more likely to be recognised if it is incorporated in the
biasing list, which makes contextual biasing critical to the correct recognition of those rare
content words in an end-to-end ASR system.

As end-to-end ASR systems are often designed to incorporate all of the required knowl-
edge into a single static model, it is particularly challenging for such systems to integrate
contextual knowledge specific to a dynamic test-time context. Therefore, dedicated contex-
tual biasing approaches have been proposed, including shallow fusion (SF) with a special
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weighted finite-state transducer (WFST) or a language model (LM) adapted for the con-
textual knowledge (Williams et al., 2018, Chen et al., 2019b, Zhao et al., 2019, Liu et al.,
2020a, Kang and Zhou, 2020, Huang et al., 2020), attention-based deep context approaches
(Pundak et al., 2018, Chen et al., 2019c, Alon et al., 2019), as well as a combination of both
approaches (Le et al., 2021b,a). More recently, contextual biasing components with a neural
shortcut that directly modifies the ASR model output distribution have been proposed (Sun
et al., 2021c, Huber et al., 2021, Sun et al., 2022a,b), which can be jointly optimised along
with the ASR system.

In this chapter, the tree-constrained pointer generator (TCPGen) component is introduced
for end-to-end contextual speech recognition (Sun et al., 2021c, 2022a). TCPGen directly in-
terpolates the original model distribution with an extra distribution (the TCPGen distribution)
estimated from contextual knowledge, based on a dynamic interpolation weight predicted
by the TCPGen component. TCPGen creates a neural shortcut between biasing lists and
the final ASR output distribution which allows end-to-end training of the entire model. In
contrast to the original work on pointer generators (See et al., 2017, Liu et al., 2019b, Li
et al., 2020c) which rely on the attention mechanism to attend to all biasing words, TCPGen
represents biasing lists as word piece-level symbolic prefix trees and only attends to the
valid subset of the biasing words at each time step in decoding, and can thus handle large
biasing lists with high efficiency. Furthermore, TCPGen uses word pieces instead of whole
words for pointer generators, which allows the entire system to use word pieces to address
the out-of-vocabulary (OOV) issue. Therefore, as not only a few frequent words but also
OOV words (i.e. words that have not appeared in the training set) can exist in the TCPGen
biasing lists. TCPGen is essentially a structure that achieves zero-shot learning of previously
unseen words without changing the model parameters. As a result, TCPGen combines the
advantages of both neural and symbolic methods and improves pointer generators for ASR
applications with large biasing lists.

To further improve the effectiveness of contextual biasing with TCPGen, a minimum
biasing word error (MBWE) loss is also introduced in order to directly optimise the model
performance on the biasing words. By changing the risk function of the widely used minimum
word error (MWE) loss (Povey and Woodland, 2002, Prabhavalkar et al., 2018, Weng et al.,
2018, Wynands et al., 2022, Weng et al., 2020, Guo et al., 2020), the MBWE loss has a
greater focus on minimising the expected errors of the rare and OOV words in the biasing list
associated with that utterance. An efficient beam search algorithm is proposed for MBWE
training in RNN-T by limiting the number of output word pieces at each encoder step to one
(Kim et al., 2020). Moreover, to address the issue that end-to-end models often suffer from
the internal LM effect that biases towards common words, a biasing-driven LM discounting
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(BLMD) method is proposed. The BLMD method extends the density ratio-based LM
discounting method (McDermott et al., 2019) to incorporate an additional discounting factor
for the TCPGen distribution before interpolation.

TCPGen, as a generic component for end-to-end ASR systems, is integrated into both
attention-based encoder-decoder (AED) and recurrent neural network transducer (RNN-T)
models. MBWE and BLMD methods are applied to both types of end-to-end model in
conjunction with TCPGen. In addition to AED and RNN-T models trained from scratch,
TCPGen also provides a solution for contextual biasing on universal speech models trained
on a large-scale of supervised data. This chapter also introduces the integration of TCPGen,
as a distribution-level adaptation component, in Whisper (Radford et al., 2023) by proposing
a dedicated training scheme without updating any Whisper parameters.

This chapter is structured as follows. Section 4.2 introduces the background knowledge
about contextual biasing and pointer generators. Section 4.3 explains the TCPGen compo-
nent in detail, followed by Section 4.4 and 4.5 introducing MBWE and BLMD methods
respectively. The integration of TCPGen in Whisper is covered in Section 4.8. Experiments
are discussed in Section 4.9 and the chapter concludes in Section 4.10.

4.2 Background

4.2.1 Contextual Biasing for End-to-end ASR

1 3 5
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a c/w1

N-gram and weights: 
aac: w1         aacc: w2 
ac: w3.           ad: w4 
b: w5.             ddc: w6

c/w2

c/w3 d/w4

c/w6

d
d

b/w5

Φ

Fig. 4.1 Example of WFST for contextual biasing, where 6 biasing words are shown with
their corresponding weights. Note that each state has an additional failure arc (not shown)
leading back to state 0, representing no arc found with the next decoded token.



76 Tree-Constrained Pointer Generator for End-to-End Trainable ASR

Various contextual biasing algorithms have been recently developed for end-to-end ASR.
One of the major streams of research in this area focuses on representing biasing lists as an
external WFST incorporated into a class-based LM via shallow fusion. The method was first
introduced in Hall et al. (2015) and then subsequently used by Williams et al. (2018), Chen
et al. (2019b), Zhao et al. (2019), Huang et al. (2020). A WFST is a compact representation
of an n-gram LM in a given training set, as shown in the example in Fig. 4.1, where the
weights are calculated from the n-gram LM. When reaching the weight-carrying arcs, the
weights are added to the running score of the hypothesis via log-linear interpolation. This
is analogous to the LM shallow fusion (SF) introduced in Sec. 3.4.3.1 with a specialised
n-gram LM.

Despite the effective score-level modification, such methods usually rely on special
context prefixes like “call” or “play” to know where to incorporate the specialised LM by
interpolation, which limits their flexibility in handling more diverse grammar in natural
speech. More recent methods have used class LMs (CLM) to determine the interpolation in a
soft way (Bruguier et al., 2022), although the model is trained only on text which thus lacks
a deep interaction with the ASR model. As WFSTs in nearly all papers are determined on
industry datasets and in-house code bases without a publicly available implementation or
model release, shallow fusion-based methods in this Thesis are in general referred to without
direct comparison.

On the other hand, neural network-based deep biasing approaches using attention mecha-
nisms have also been proposed in recent years. These approaches encode a biasing list into a
vector that is used as a part of the input to the end-to-end ASR models Pundak et al. (2018),
Chen et al. (2019c), Alon et al. (2019), where the basic framework is shown in Fig. 4.2.

Encoder

Attention

Biasing list

Decoder

Proj and Softmax

Biasing vector

Extractor

Joint Network

Predictor

Encoder

Biasing list

Extractor

Biasing vector

Deep biasing AED Deep biasing RNN-T

Fig. 4.2 Deep biasing framework for AED and RNN-T
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Deep biasing approaches are analogous to LM deep fusion, where the extractor usually
adopts an attention mechanism (Pundak et al., 2018) across all biasing words. These methods
address the dependency issue on syntactic prefixes in the SF methods and establish a direct
neural pathway to send contextual information to the ASR model. However, deep biasing
methods are more memory intensive and less effective for handling large biasing lists.

More recently, work in (Le et al., 2021b) jointly adopted the use of deep context and
the SF of a WFST together in an RNN-T. It also improved the efficiency by extracting the
biasing vector from only a subset of word pieces constrained by a prefix tree representing
the biasing list. Work in (Le et al., 2021a) extended the prefix-tree-based method to RNN
LMs which are used for SF to achieve further improvements in recognising biasing words.
Moreover, while previous studies only focused on industry datasets, researchers in (Le et al.,
2021a) proposed and justified a simulation of the contextual biasing task on open-source data
by adding a large number of distractors to the list of biasing words in an utterance. More
recently, (Sun et al., 2021c, Huber et al., 2021) have simultaneously proposed creating a
neural shortcut between the biasing list and the final model output distribution.

4.2.2 Pointer Generator Mechanism

The pointer generator, initially proposed for abstractive summarisation (See et al., 2017), is a
neural mechanism that allows the system to directly copy tokens from the input to the output.
The structure of a typical pointer generator is shown in Fig. 4.3.

The task of summarisation involves generating a concise summary of a given input
paragraph of text. This summarisation is achieved through the adoption of the AED structure,
wherein an encoder, decoder and attention mechanism function in a similar manner as
described in Section 3.2. The attention distribution is then rearranged into a distribution
across the vocabulary by summing probabilities corresponding to the same word, while
words not present in the input are assigned zero probability. Furthermore, a copy probability
denoted as Pgen

i is computed for the i-th decoding step using decoder and attention outputs.
The final distribution is the sum over the original vocabulary distribution predicted by the
decoder and the transformed attention distribution, weighted by 1�Pgen

i and Pgen
i respectively.

Consequently, significant words in the input sequence can be utilised directly in the output
without requiring the decoder to summarise or paraphrase them.

The use of a pointer generator has demonstrated its advantages, particularly concerning
factual sentences and unseen words (See et al., 2017, Liu et al., 2019b). Consequently,
applying such a copying mechanism to end-to-end ASR systems can be deemed natural and
advantageous to address the long-tailed word problem. In this regard, the following sections
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Fig. 4.3 Pointer generator mechanism for summarisation with the AED structure.

introduce TCPGen, which successfully incorporates a pointer generator into end-to-end ASR
systems to facilitate contextual biasing at the sub-word level.

4.3 TCPGen

4.3.1 Model Structure

TCPGen is a neural network-based component combining symbolic prefix-tree search with a
neural pointer generator for contextual biasing, which also enables end-to-end optimisation.
TCPGen represents the biasing list as a word piece-level prefix tree. At each output step,
TCPGen calculates a distribution over all valid word pieces constrained by the prefix tree.
TCPGen also predicts a generation probability which indicates how much contextual biasing
is needed at a specific output step. The final output distribution is the weighted sum of the
TCPGen distribution and the original AED or RNN-T output distribution (Fig. 4.4).

The key symbolic representation of the external contextual knowledge in TCPGen is the
prefix tree. For simplicity, examples and equations in this section are presented for a specific
search path, which can be generalised easily to beam-search with multiple paths. In the
example prefix tree with biasing words (turner, vignette and turin) shown in Fig. 4.5, if
the previously decoded word piece is Tur, word pieces in_ and n form the set of valid word
pieces Y

tree
i . Denoting x1:T and yi as input acoustic features and output word piece, qi as
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Fig. 4.4 Illustration of interpolation in TCPGen with corresponding terms in Eqn. (4.3).
Pptr(yi) is the TCPGen distribution. Pmdl(yi) is the distribution from a standard end-to-end
model. P(yi) is the final output distribution. P̂gen

i and Pgen
i are the scaled and unscaled

generation probabilities.
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Fig. 4.5 An example of prefix tree search and attention in TCPGen. With previous output
Tur, in_ and n are two valid word pieces on which attention will be performed. A word end
unit is denoted by _.

the query vector carrying the decoding history and acoustic information, K = [...,k j, ...] as
the key vectors, scaled dot-product attention is performed between qi and K to compute the
TCPGen distribution Pptr over all valid word pieces. The way keys and queries are computed
for AED and RNN-T is introduced in Section 4.3.2 and Section 4.3.3 respectively. An output
vector hptr

i as shown in Eqns. (4.1) and (4.2).

Pptr(yi|y1:i�1,x1:T ) = Softmax(Mask(qiKT/
p

d)), (4.1)

hptr
i = Â j Pptr(yi = j|y1:i�1,x1:T )vT

j , (4.2)

where d is the size of qi (see Vaswani et al. (2017)), Mask(·) sets the probabilities of word
pieces that are not in Y

tree
i to zero, and v j is the value vector relevant to j. For more flexibility,

an out-of-list (OOL) token is included in Y
tree
i indicating that no suitable word piece can

be found in the set of valid word pieces. To ensure that the final distribution sums to 1, the
generation probability, Pgen

i , is scaled as P̂gen
i = Pgen

i (1�Pptr(OOL)), and the final output
can be calculated as shown in Eqn. (4.3).

P(yi) = Pmdl(yi)(1� P̂gen
i )+Pptr(yi)P

gen
i , (4.3)
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where conditions, y1:i�1,x1:T , are omitted for clarity. Pmdl(yi) represents the output distribu-
tion from the standard end-to-end model.

The pointer generator mechanism in TCPGen operates on the same set of word pieces,
which allows contextual information to be directly copied from the output. In contrast to
(Huber et al., 2021), the prefix-tree structure handles a large biasing list containing thousands
of words efficiently, as the attention computation only needs to be performed over a valid
subset of word pieces at each decoding step. Moreover, the dynamic interpolation factor Pgen

i
provides more flexibility than other distribution-level modifications, such as shallow fusion.

4.3.2 TCPGen in AED

The integration of TCPGen into an AED model is shown in Fig. 4.6
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P ptr(yi)

y1:i�1

x1:T

yi�1

Pmdl(yi)

P (yi|y1:i�1,x1:T )

⇥P gen
i

Fig. 4.6 Integration of TCPGen into AED model.

Denoting the input to the encoder, x1:T , which is encoded into henc
1:T , at each decoding

step i, the decoder computes hdec
i based on encoder hidden states and preceding word piece

embedding yi�1. To calculate the TCPGen distribution in an AED model, the query combines
the context vector ci and the previously decoded token embedding yi�1 as shown in Eqn.
(4.4).

qi = WQ
c ci +WQ

y yi�1, (4.4)

where WQ
c and WQ

y are parameter matrices. The keys and values are computed from the
decoder word piece embedding matrix as shown in Eqn. (4.5).

k j = WKy j v j = WVy j, (4.5)
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where y j denotes the j-th row of the embedding matrix. WK and WV are key and value
parameter matrices which are shared (i.e. equal) throughout this chapter. The TCPGen
distribution and the TCPGen output can be computed using Eqns. (4.1) and (4.2) respectively.
The generation probability is calculated from the decoder hidden state hdec

i and the TCPGen
output hptr

i , as shown in Eqn. (4.6).

Pgen
i = s(Wgen[hdec

i ;hptr
i ]), (4.6)

where Wgen is a parameter matrix. The distribution of yi can be calculated using Eqn. (4.3).
In an AED model, deep biasing can be applied as shown in Eqn. (4.7).

Pmdl(yi) = Softmax(WO[hdec
i ;ci]+Wdbhdb

i ), (4.7)

where the biasing vector hdb
i is obtained from the sum of embeddings of all word pieces in

Y
tree
i , similar to Le et al. (2021b).

4.3.3 TCPGen in RNN-T

The integration of TCPGen into an RNN-T model is shown in Fig. 4.7
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Encoder TCPGen
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⇥P gen
i

P (zi,t|y1:i�1,h
enc
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Pmdl(zi,t)

P ptr(zi,t)

Fig. 4.7 Integration of TCPGen in an RNN-T model.

Denoting the RNN-T encoder output henc
1:T and the predictor output up to token i as hpred

i ,
the joint network predicts the output distribution P(zi,t |y1:i,henc

t ) for each combination of i
and t where zi,t 2 Y [{?} and Y represents the set of all word pieces. In RNN-T, the query
for the TCPGen distribution is computed for each combination of i, t as shown in Eqn. (4.8).

qi,t = WQ
c henc

t +WQ
y yi�1, (4.8)
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where yi�1 is the word piece embedding from the predictor embedding matrix. The key and
value vectors are derived from the predictor embedding matrix. The generation probability
for each i, t-pair is computed using the penultimate layer output of the joint network and the
TCPGen output vector

Pgen
i,t = s(Wgen[hjoint

i,t ;hptr
i,t ]) (4.9)

As ? only exists in Pmdl, its value is directly copied to the final output distribution as shown
in Eqn. (4.10)

P̂(zi,t) =

8
<

:
Pmdl(?), if zi,t = ?
P(zi,t), otherwise

, (4.10)

where P(zi,t) is the interpolated probability for the output token zi,t in Eqn. (4.3), except
that Pptr(zi,t) is scaled by a factor of 1�Pmdl(zi,t 6= ?) to ensure all probabilities sum to 1.
Moreover, whenever TCPGen is used in RNN-T, the biasing vector, hptr

i,t is always sent to the
input of the joint network as shown in Eqn. (4.11) which yielded the best results as discussed
in Sun et al. (2021c).

hjoint
i,t = tanh(Wjoint[hpred

i ;henc
t ;hptr

i,t ]), (4.11)

As for AED, deep biasing can be applied by computing hdb
i as the mean of all word

piece embeddings at predictor step i, and concatenating it with encoder and predictor output
vectors for each combination of i, t before sending it to the joint network (Le et al., 2021a).

4.4 Minimum Biasing Word Error Training for TCPGen

This section introduces minimum biasing word error (MBWE) training. Recall that the MWE
loss (see Section 3.2.5) in end-to-end ASR systems minimises the expected value of word
errors across all possible output sequences of a given input. Denoting the output sequence
Y = {y1, ...,yL} and input sequence X = x1:T for convenience, the MWE loss can be written
as Eqn. (4.12).

L
mwe = ÂY P(Y |X)Wmwe(Y,Y ⇤), (4.12)

where Y ⇤ is the ground-truth output sequence and W
mwe(·) is the risk function representing

the number of word errors calculated using an edit-distance between each possible sequence
Y and the ground-truth sequence Y ⇤. To approximate the intractable enumeration of all
possible hypotheses, the N-best list can be applied (see Eqn. (3.35)).

To apply the MWE loss to contextual ASR with TCPGen which focuses on the correct
recognition of biasing words, a new risk function that includes an additional biasing word
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error term to the word error term is introduced as shown in Eqn. (4.13).

W
mbwe(Y,Y ⇤) = µ1W

mwe(Y,Y ⇤)+ µ2W
bias(Y,Y ⇤), (4.13)

where W
bias is the additional biasing word error term which is the edit-distance between the

sequence of biasing words in Y and the sequence of biasing words in Y ⇤. Scaling factors
µ1 and µ2 control the importance of the word error term and the new biasing word error
term. As a result, if µ1 = 1 and µ2 = 0, W

mbwe becomes W
mwe. If µ1 = 1 and µ2 = 1, it is

equivalent to giving a weight of 2 to any rare word errors in the original word error rate. A
new MBWE loss function is proposed to use W

mbwe instead of W
mwe. That is,

L
mbwe = Â

Y
P(Y |X)Wmbwe(Y,Y ⇤)

⇡ÂYi2BeamN(X)
P̂(Yi|X)Wmbwe(Yi,Y ⇤). (4.14)

As a generic loss for end-to-end ASR systems, MBWE can be applied to the standard AED
and RNN-T models, as well as other deep context models.

4.4.1 MBWE Training for AED

The MBWE loss can be applied to the AED model following a similar MWE training scheme
proposed in Prabhavalkar et al. (2018) (see Section 3.2.5) which also interpolated the MBWE
loss with the cross-entropy (CE) loss for better training stability, as shown in Eqn. (4.15).

L = L
mbwe +L

ce, (4.15)

where L is the total loss function to be minimised, L
mbwe is the proposed MBWE loss in

Eqn. (4.14) and L
ce is the CE loss. As it is hard to train a randomly initialised model with

the MBWE loss, which is similar to MWE, the MBWE loss is applied from the epoch when
the model is reasonably trained with the CE loss, which depends on optimisation algorithms
and the task. Moreover, to boost the efficiency of beam search which is the bottleneck in
the time taken for training, batched beam search is implemented by parallelising the model
forward computation of all beams of all utterances in the same mini-batch on a GPU.

4.4.2 MBWE Training for RNN-T

The MBWE loss can also be applied to the RNN-T model following a similar MWE training
scheme proposed in Weng et al. (2020), except that the original RNN-T loss is also included
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for stable training, as shown in Eqn. (4.16).

L = L
mbwe +L

rnn-t, (4.16)

where L
rnn-t represents the original RNN-T loss. Although previous work (Weng et al., 2020,

Guo et al., 2020) tried to obtain N-best lists using standard beam search for RNN-T, it is
infeasible to perform such a training scheme on a single GPU or with a limited number of
CPUs, even with batched decoding. The major obstacle that restricts the level of parallel
computation is the unknown number of word piece tokens to output at a given encoder step,
as beams requiring two or more output tokens have to be handled separately. However, as
the encoder output sequence is usually longer than the number of output word piece tokens,
cases where two or more tokens are output at a specific encoder step should be rare. To verify
this conjecture, taking a standard RNN-T model trained on the Librispeech training set and
decoded on its dev set as an example, the path taken and the number of output tokens at each
encoder step for each 1-best hypothesis was recorded, as shown in Table 4.1.

# word piece tokens 0 1 2+

Count 80% 18% 2%

Table 4.1 Statistics of the Number of Output word piece Tokens at Each Encoder Step for
RNN-T 1-best Hypothesis on Librispeech Dev Sets. The percentage is of the Total Number
of Encoder Steps.

As shown in the table, the vast majority of encoder steps output 0 or 1 word piece
tokens, where 0 means a ? token is output. Although in the standard beam search, it is
always required to compare the score with a second output token, it is often unnecessary
for generating reasonably good N-best hypotheses, especially for MBWE training where
a strong approximation using the N-best list has already been made. The restricted beam
search results in a relative WER increase of less than 10% on LibriSpeech test sets.

Therefore, a restricted beam search which only allows no more than one output token
at each encoder step is used for efficient MBWE training in RNN-T, which is similar to the
one-step constrained beam search algorithm in (Kim et al., 2020) (see Section 3.3) but with
all neural network computation parallelised across all samples in the mini-batch. With the
restricted beam search, the model forward computation can be efficiently parallelised for all
beams of all utterances in the same mini-batch on a single GPU.
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4.5 Biasing-word-driven LM Discounting for TCPGen

This section introduces the biasing language model discounting (BLMD) method for TCPGen,
which starts by revisiting the density ratio method for internal LM discounting (see Section
3.4.3.3). Define the source domain data as the text of the training data for the end-to-end
model, and the target domain data as the data used to train an external LM such that it
generates better probability estimates for the test data. Then, the recognised sequence for
LM shallow fusion can be written as Eqn. (4.17).

Y ⇤ = arg max
Y

logPmdl(Y |X)+a logPtgt(Y ), (4.17)

where Pmdl(Y ) is the output of the end-to-end system and Ptgt(Y ) is the probability of the
output sequence predicted by an LM trained on the target domain. The interpolation factor a
is a hyper-parameter to be determined. After decomposing the probability of each possible
sequence Y into a token-level sequence, Psf(yi), the probability of each output token yi after
SF, can be written as

Psf(yi) = Pmdl(yi)Ptgt(yi)
a , (4.18)

where the dependence on acoustic and history information were omitted for clarity. The
density ratio method provides a Bayes’ rule-grounded way to reduce the effect of the internal
LM in the end-to-end system especially when there is a difference between the source and
target domain data. That is,

Psf(yi) = Pmdl(yi)
Ptgt(yi)a

Psrc(yi)b , (4.19)

where Psrc(Y ) refers to the probability of the output sequence predicted by an LM trained on
the source domain. The factors a and b are hyper-parameters. In this way, the probabilities
of commonly seen text patterns in the source domain are penalised, whereas those of text
patterns specific to the target domain are boosted. Therefore, the density ratio LM discounting
method can also be applied to the TCPGen component to further improve performance on
the biasing words that are rare in the source domain. As the final distribution comes from
both the model and the TCPGen distribution which use different parameters and history
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information, density ratio SF is separately performed as

Psf(yi) = (1�Pgen)Pmdl(yi)
Ptgt(yi)a1

Psrc(yi)b1

+PgenPptr(yi)
Ptgt(yi)a2

Psrc(yi)b2
, (4.20)

where Pptr is the TCPGen distribution, and the same source and target LMs are used for
both distributions, but with different sets of hyper-parameters a1,b1 and a2,b2. To avoid a
complicated hyper-parameter search, the best set of a,b obtained from the standard end-to-
end system can be directly applied to a1,b1, and only a2,b2 need to be tuned to find the best
values for the TCPGen distribution.

4.6 Experimental Setup with AED and RNN-T

4.6.1 Data

The experiments in this section were performed on three different datasets, namely the
LibriSpeech audiobook corpus, the augmented multi-party interaction (AMI) meeting corpus
and the dialogue state tracking challenge (DSTC) 2 and 3. Each individual dataset is
introduced below.

4.6.1.1 LibriSpeech

LibriSpeech contains 1000 hours of read English audiobook recordings, which are split into
train, dev and test sets. The full training set is further split into train-clean-100, train-clean-
360 and train-other-500 subsets where the number in each set indicates the number of hours
of recordings. The set named “clean" contain only selected low-error speech that can be
assumed to be clean, whereas sets with “other" may contain more challenging audio samples.
Note that the train-clean-100 training set is often used on its own to either investigate low-data
scenarios, or for quick experiments to determine model-related hyper-parameters before
running experiments at a larger scale.

In the same way as the training set, the dev and test sets are also split into “clean" and
“other" categories, resulting in four subsets, namely “dev-clean", “dev-other", “test-clean"
and “test-other". In this thesis, the decoding-related hyper-parameters are determined on the
combination of the dev sets, and results are usually reported on test subsets separately.
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In addition to the audio training corpus, LibriSpeech is also accompanied by an LM
training corpus containing 800 million word tokens with a vocabulary size of 214k. This is
used to train neural LMs for shallow fusion and BLMD and also to determine biasing lists.

4.6.1.2 AMI

AMI is a meeting corpus containing recordings of four or five people discussing technical
projects. It is split into train, dev and eval sets, where the train set contains 80 hours of
audio and the other two contain 10 hours each. The individual headset microphone (IHM)
recordings are used in the experiments.

The AMI corpus is mainly used for two purposes. First, the AMI corpus contains
mainly spontaneous conversations in oral English, in contrast to the read audiobook data in
LibriSpeech. It is used to demonstrate the effectiveness of the cross-domain application of
TCPGen and BLMD. Second, the AMI corpus is used to demonstrate a low-data scenario by
finetuning an existing generic speech model with TCPGen. To this end, 10% of the AMI
training corpus containing 8 hours of speech is randomly selected to finetune the model
trained on the full LibriSpeech training data.

4.6.1.3 DSTC

The Dialogue State Tracking Challenge (DSTC) data contains human-machine task-oriented
dialogues where user-side input audio was used for recognition. It is included as a real-world
application of TCPGen with a limited amount of audio training resources where the ontology
is used to extract contextual knowledge. The ontology in a spoken dialogue system contains
slot types and their corresponding possible values in entity lists, e.g. restaurant names:
[restaurant_A, restaurant_B,...]. The DSTC track2 train and dev sets were used as the training
and validation sets, and the DSTC track3 test set was used for evaluation.

4.6.2 Biasing List Selection

Biasing list selection on LibriSpeech followed the validated simulation proposed in (Le et al.,
2021a), as shown in Fig. 4.8. The full rare word list containing 209k distinct words was
first defined by removing the most frequent 5000 words from the LibriSpeech LM training
vocabulary, which was used as the collection of all biasing words. Rare words throughout
this section are defined as words belonging to the full rare word list for each corpus. More
than 60% of those 209k rare words are in fact OOV words with respect to the LibriSpeech
audio training set. Following the scheme in (Le et al., 2021a), biasing lists were organised by
finding words that belong to the full rare word list from the reference transcription of each
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turner

Biasing list per utterance
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Fig. 4.8 Biasing list selection following Le et al. (2021a) as a simulation of real-world tasks
on LibriSpeech data, which was also applied to AMI data.

utterance and adding a certain number of distractors to it. The same biasing list arrangement
was applied to both training and testing on LibriSpeech.

For the AMI meeting data, the full rare word list was augmented with words appearing
fewer than 100 times in the AMI training corpus (including OOV words that only appear in
AMI dev and test sets) to form the full rare word list for AMI. Using this augmented full rare
word list, contextual biasing experiments were performed by adopting the same simulation
method as with LibriSpeech, which was used for both training and inference.

On the DSTC data, the biasing list arrangement by adding distractors was used for
training only, where the full rare word list was augmented with words that occurred fewer
than 100 times in the DSTC training data. During inference, the ontology of DSTC3 which
contains lists of named entities corresponding to different types was used to form the biasing
list by extracting distinct words from those named entities and removing common words
with 200 or more occurrences in the training data. This biasing list contained 243 distinct
words. The proportion of biasing words in each evaluation set is shown in Table 4.2.

Data Coverage

Librispeech test-clean and test-other 10.3%
AMI eval set 5.5%
DSTC3 test 4.7%

Table 4.2 Coverage of biasing lists on the evaluation sets. Coverage is the total number of
biasing word tokens divided by the total number of word tokens in each set.
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4.6.3 Model Specifications

Experiments were performed for both AED and RNN-T systems. The use of an LSTM-based
encoder and a Conformer encoder were investigated. The LSTM-based encoder contains
4 bi-directional LSTM layers with 1024-dim hidden states which were then projected to
2048-dim using a fully-connected layer. This encoder was also equipped with a 2-block VGG
frontend (Simonyan and Zisserman, 2015) giving a 1/4 subsampling rate. The Conformer
encoder contained 16 conformer blocks consisting of four 512-dim attention heads.

In addition, AED uses a single-layer 1024-dim LSTM decoder and a 4-head 1024-dim
location-based attention. The RNN-T model had the same encoder, a 2-layer 1024-dim
LSTM predictor and a 1024-dim joint network. TCPGen in both systems contained a 256-
dim single-head attention layer and other layers were confined by system dimensions. A
1024-dim embedding matrix was used for deep biasing (denoted as DB).

A unigram-based word piece model is used for all the experiments, with 600 word piece
tokens estimated from the LibriSpeech speech training corpus. For BLMD, a 2-layer 2048-
dim LSTM-LM trained on the Librispeech 800 million-word text training corpus was used as
the target domain LM for Librispeech experiments. Each source domain LM trained on the
text of the audio training data used a single-layer 1024-dim LSTM. Each LM had the same
word pieces as the corresponding ASR system. Note that all models were implemented using
PyTorch (Paszke et al., 2019).

4.6.4 Training and Inference Specifications

The 80-dim FBANK features computed at a 10 ms frame rate and concatenated with 3-dim
pitch features (Ghahremani et al., 2014) were used as inputs to models. SpecAugment (Park
et al., 2019) with the setting (W,F,mF ,T, p,mT ) = (40,27,2,40,1.0,2) was used without
any other data augmentation or speaker adaptation.

Systems TCPGen were trained with 500 distractors for train-clean-100 experiments, and
1000 distractors for full 960-hour experiments. In addition, systems with the same setup but
using deep biasing were also trained. The dropping technique to randomly leave out oracle
biasing words from the biasing list per utterance was applied for training but disabled for
inference, with a drop rate of 30% to prevent the model from being over-confident about
TCPGen or deep biasing outputs. During inference, unless specified, 1000 distractors were
used to organise the biasing list for each utterance.

A beam search with a beam width of 30 was used for decoding, and a coverage penalty
(Chorowski and Jaitly, 2016) of 0.01 was applied for AED. The Adadelta optimiser (Zeiler,
2012) was used to train the LSTM encoder and the Noam (Vaswani et al., 2017) optimiser
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was used for the Conformer. The MBWE loss was applied after 16 epochs. The beam size
for MBWE training to obtain N-best lists was 5 for all experiments.

4.6.5 Evaluation Metrics

In addition to WER, a rare word error rate (R-WER) (Le et al., 2021a) was used to evaluate
the system performance on biasing words that were “rare" in the training data for that system.
R-WER is defined as the total number of error word tokens that belong to the biasing list
divided by the total number of word tokens in the test set that belong to the biasing list.
Insertion errors were counted in R-WER if the inserted word belonged to the biasing list.
To measure the performance on unseen words, the OOV WER was also used which was
computed in the same way as R-WER, but for audio training set OOV words that appeared in
the full rare word list. As WERs on Librispeech test sets were all small, for the rest of this
chapter, 2 decimal places were included for WER whereas one decimal place was used for
results in other corpora.

Moreover, a significance test was performed for small WER and any R-WER reductions
to assess statistical significance, as the total number of rare words only comprises a small
portion in the test set. Specifically, a project-by-project one-tailed sign test was performed
for LibriSpeech experiments based on the “project ID" of each utterance, where the null
hypothesis is that the system with TCPGen was not better than the standard ASR system.
The same sign test was performed dialogue-by-dialogue for the DSTC data.

4.7 Results for TCPGen with AED and RNN-T

4.7.1 TCPGen with LSTM-based Encoder

First, experiments performed on the LibriSpeech full training data using LSTM-based
encoders are shown in Table 4.3 and Table 4.4 for AED and RNN-T systems respectively.
Note that SF here was used without any LM discounting methods, and the interpolation
weight for SF was set to 0.3 for all experiments reported in Section 4.7.1.

First, WER and R-WER using TCPGen in AED are shown in Table 4.3. Note that the
influence of TCPGen on unbiased words can be calculated by scaling the R-WER with the
proportion of rare words in the test sets, and subtracting that from WER. Results with SF are
also provided. AED with deep biasing and TCPGen achieved improvements in WER and
R-WER on both the test-clean and the test-other sets. The best performance for WER and
R-WER on both test-clean and test-other was obtained by the model with TCPGen, with
46.7% relative R-WER reduction on test-clean and 36.4% relative R-WER reduction on
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test-clean test-other
Systems WER (%) R-WER (%) WER (%) R-WER (%)

Standard AED 4.41 15.6 12.02 35.8
+ DB 4.03 12.0 11.62 30.2
+ TCPGen 3.69 8.3 10.91 22.7

Standard AED + SF 3.71 14.4 10.19 32.9
+ DB + SF 3.42 11.5 9.71 28.1
+ TCPGen + SF 3.00 8.3 9.04 22.6

Table 4.3 WER and R-WER on LibriSpeech test-clean and test-other set for AED with LSTM
encoder trained on 960-hour data. DB uses the sum of word piece embeddings. Biasing list
size is 1000 with distractors randomly selected from the full rare word list.

test-other. SF provided further WER reductions for all systems with sizeable improvements
for common words and rather limited effects on biasing words. Therefore with SF, the
model with TCPGen still achieved the best performance in both WER and R-WER, with a
relative 42.2% R-WER reduction on test-clean and a relative 34.9% R-WER reduction on
the test-other set.

In general, TCPGen achieved a bigger reduction in AED than in RNN-T, as discussed in
Section 4.7.5. As a result, SF had more obvious effect in RNN-T as the room for R-WER
improvements was much larger than in AED, i.e. the errors in rare words that can be improved
by only using an external LM via SF have been mostly addressed by TCPGen in AED. This
was not the case when the dedicated BLMD method waas used, as discussed in Section 4.7.2.

test-clean test-other
Systems WER (%) R-WER (%) WER (%) R-WER (%)

Standard AED 5.53 18.7 15.31 42.9
+ DB 5.21 15.2 14.62 36.5
+ TCPGen 4.93 13.9 14.01 35.0
+ TCPGen + DB 4.82 13.3 13.91 33.5

Standard AED + SF 4.41 15.6 12.49 36.7
+ DB + SF 4.22 13.1 12.10 31.8
+ TCPGen + SF 3.99 12.2 11.61 31.0
+ TCPGen + DB + SF 3.77 11.3 11.52 29.0

Table 4.4 WER and R-WER on LibriSpeech test-clean and test-other set for RNN-T with
LSTM encoder trained on 960-hour data. DB uses the sum of word piece embeddings.
Biasing list size is 1000 with distractors randomly selected from the full rare word list.
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WERs and R-WERs for RNN-T with biasing components trained on the 960-hour data
are shown in Table 4.4. As for AED, using biasing components achieved reductions in both
WER and R-WER. When TCPGen was used in conjunction with DB, further WER and
R-WER reductions were achieved, with a relative 13.4% WER reduction on test-clean, and a
relative 9.1% WER reduction on test-other compared to the baseline. Reductions on R-WER
were not as large as for AED, with a relative 28.8% reduction on test-clean, and a relative
21.9% reduction on test-other.

Next, the experiments using MBWE training for TCPGen with LSTM encoder AED and
RNN-T systems were performed on LibriSpeech train-clean-100 subset. First, LSTM-based
AED systems trained on the Librispeech clean-100 set were evaluated on the test-clean
set to show the performance of the TCPGen component and the proposed algorithms on
a fairly small scale data setup. Results are shown in Table 4.5. Compared to the CE loss,

System MBWE parameters %WER %R-WER

Baseline µ1 = 0.0,µ2 = 0.0 11.59 40.1
Baseline µ1 = 1.0,µ2 = 0.0 11.21 39.7
Baseline µ1 = 1.0,µ2 = 1.0 11.13 38.7

TCPGen µ1 = 0.0,µ2 = 0.0 9.25 22.7
TCPGen µ1 = 1.0,µ2 = 0.0 9.18 23.2
TCPGen µ1 = 1.0,µ2 = 1.0 8.79 21.4

Table 4.5 WER and R-WER on Librispeech test-clean set for LSTM-based AED models
trained on Librispeech clean-100 training set. MBWE parameters include µ1 and µ2 in Eqn.
(4.13). The baseline here refers to the standard LSTM AED model. Biasing list size is 1000
with distractors randomly selected from the full rare word list.

using the MWE loss reduced WER by 0.4% in absolute value. Using the MBWE loss with
µ1 = 1.0,µ2 = 1.0, the WER was further reduced and the reduction in R-WER provided the
major contribution to this improvement. The MBWE training achieved further WER and
R-WER reduction compared to MWE for both the baseline and TCPGen. When TCPGen is
used with CE training alone, a 43% relative R-WER reduction was achieved compared to the
baseline with the same training condition. However, this relative reduction was decreased
to 42% when only the MWE loss was applied despite the reduction in the overall WER, as
the MWE loss, which applies equal weighting to each word error, tends to benefit frequent
words more. Finally, using the MBWE loss improved the R-WER which in turn improved
the overall WER. As a result, the relative R-WER reduction was increased to 45% using the
MBWE loss compared to the baseline with the same training condition.
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System MBWE params. %WER %R-WER

Baseline µ1 = 0.0,µ2 = 0.0 12.82 42.1
Baseline µ1 = 1.0,µ2 = 0.0 12.61 42.0
Baseline µ1 = 1.0,µ2 = 1.0 12.60 41.6
Baseline µ1 = 1.0,µ2 = 5.0 12.68 42.2

TCPGen µ1 = 0.0,µ2 = 0.0 11.06 29.3
TCPGen µ1 = 1.0,µ2 = 0.0 10.98 29.3
TCPGen µ1 = 1.0,µ2 = 5.0 10.85 28.3

Table 4.6 WER and R-WER on Librispeech test-clean set for LSTM-based RNN-T models
trained on Librispeech clean-100 training set. MBWE params. include µ1 and µ2 in Eqn.
(4.13). The baseline here refers to the standard LSTM RNN-T model. Biasing list size is
1000 with distractors randomly selected from the full rare word list.

Using the restricted beam-search MBWE loss (see Section 4.4.2), LSTM-based RNN-T
systems trained on the LibriSpeech clean-100 set were evaluated on the test-clean set as
shown in Table 4.6. Compared to the baseline, a 30% relative R-WER reduction was achieved
using TCPGen, and when MBWE training was applied, this reduction in R-WER increased
to 32%.

4.7.2 TCPGen with Conformer Encoder Experiments on LibriSpeech

The TCPGen component together with proposed MBWE and BLMD algorithms was first
applied to the conformer AED model.
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Fig. 4.9 Plots of training (left) and dev (right) set WERs across 4 training epochs. The
training set WER was calculated on 5% randomly sampled utterances from the full 960-hour
training set. Dev-set combines both dev-clean and dev-other sets. MBWE parameters µ1,µ2
were defined in Section (4.13).

The Noam optimiser was used and the learning rate was a smooth function. Preliminary
experiments found that adjusting the weight of the cross-entropy loss yielded significantly
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worse results as it effectively introduced an abrupt change to the learning rate. Therefore,
to adjust the contribution of the MBWE loss, different values of µ1 and µ2 in. Eqn. (4.13)
were used while keeping the coefficient of the cross-entropy loss set to 1. The effect of using
small and large values of µ1 and µ2 on the training and dev set WER are shown in Fig. 4.9.
As shown in Fig. 4.9, applying MBWE with both small and large values had a similar effect
on the training set WER, whereas using smaller values produced better results on the dev set
and hence was adopted for the experiments.
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Fig. 4.10 Illustration of tuning BLMD hyper-parameters for the baseline standard Conformer
AED model and the Conformer AED model with TCPGen. Numbers in each grid are dev set
WER as a percentage. Left: Tuning a1,b1 on the baseline model. Right: Tuning a2,b2 on
the TCPGen model with the best set of a1,b1 found from the baseline on the left.

The best set of BLMD parameters was searched for and then applied to the trained models
during decoding. The search procedure is illustrated in Fig. 4.10. The left part of Fig. 4.10
shows the dev set WER of different sets of BLMD parameters a1,b1 for the baseline standard
AED system. The best values found here were a1 = 0.5,b = 0.3, which were then fixed for
the search of a2,b2, as shown on the right part of Fig. 4.10 for the system with TCPGen. As
a result, a=0.3,b2 = 0.3 were used which indicates that a stronger LM discounting effect
was needed for the TCPGen distribution.

The results for the Conformer AED model are summarised in Table 4.7. As shown in
Table 4.7, for the baseline standard Conformer AED system, using the MBWE loss benefits
the R-WER. When MBWE is applied to TCPGen, there was a 12% relative reduction in
R-WER on the test-clean set and 9% on the test-other set compared to the TCPGen system
without MBWE training. This increased the relative R-WER improvement by using TCPGen
from 33% to 41% on the test-clean set, and from 28% to 32% on the test-other set compared
to the baseline with the same training loss (i.e. comparing row 1 with row 4 and row 3 with
row 5 in Table 4.7).
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test-clean test-other
Systems MBWE BLMD WER (R-WER) (%) WER (R-WER) (%)

Standard AED µ1 = 0,µ2 = 0 No 3.71 (13.2) 9.36 (29.5)
Standard AED µ1 = 0.5,µ2 = 0 No 3.65 (13.0) 9.02 (28.9)
Standard AED µ1 = 0.5,µ2 = 0.5 No 3.62 (12.8) 9.08 (28.6)

+ TCPGen µ1 = 0,µ2 = 0 No 3.23 (8.6) 8.43 (21.3)
+ TCPGen µ1 = 0.5,µ2 = 1.0 No 2.96 (7.6) 7.88 (19.5)

Standard AED µ1 = 0,µ2 = 0 DR 3.33 (12.3) 8.04 (27.6)
Standard AED µ1 = 0.5,µ2 = 0 DR 3.19 (12.2) 7.95 (27.1)
Standard AED µ1 = 0.5,µ2 = 0.5 DR 3.17 (11.7) 7.92 (27.3)

+ TCPGen µ1 = 0,µ2 = 0 BLMD 2.79 (6.9) 7.40 (19.5)
+ TCPGen µ1 = 0.5,µ2 = 1.0 BLMD 2.59 (6.4) 7.13 (18.2)

Table 4.7 WER and R-WER (in bracket) on LibriSpeech test-clean and test-other sets for
Conformer-based AED trained on LibriSpeech full 960-hour training set. MBWE column
includes µ1 and µ2 in Eqn. (4.13), and the BLMD column indicates whether density ratio
(DR) or BLMD was used. Biasing list size is 1000 with distractors randomly selected from
the full rare word list.

After applying BLMD, obvious reductions in R-WER were observed for both the baseline
standard AED systems and TCPGen systems on both test sets. In particular, large R-WER
reductions were found when different discounting factors were applied to the TCPGen
distribution, which further increased the relative R-WER improvement by using TCPGen
from 41% to 46% on test-clean and from 32% to 33% on test-other (comparing row 3 with
row 5 and row 8 with row 10 in Table 4.7).

Experiments were then performed on LibriSpeech full 960-hour training data as shown
in Table 4.8. Preliminary experiments on LibriSpeech found that µ2 for the MBWE loss
should be set larger than µ1 for better performance when using TCPGen in RNN-T. The
baseline here is a standard Conformer-based RNN-T model. The MBWE and BLMD hyper-
parameters were found in the same way as for the AED experiments. In addition to the
standard baseline system, the DB method proposed in Le et al. (2021a) was used as a
biasing method for comparison. In general, consistent and significant WER and R-WER
reductions were achieved using TCPGen compared to both the baseline and the DB system,
with a p-value less than 0.001. MBWE with a restricted beam search achieved WER and
R-WER reductions for both baseline and TCPGen systems. In particular, the relative R-WER
improvement increased from 37% to 41% on the test-clean set and from 33% to 37% on the
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test-clean test-other
Systems MBWE BLMD WER (R-WER) (%) WER (R-WER) (%)

Standard RNN-T µ1 = 0,µ2 = 0 No 4.02 (14.1) 10.12 (33.1)
Standard RNN-T µ1 = 0.5,µ2 = 0 No 4.01 (14.0) 9.96 (32.5)
Standard RNN-T µ1 = 0.5,µ2 = 0.5 No 3.87 (13.8) 9.80 (31.8)

+ DB µ1 = 0,µ2 = 0 No 3.57 (10.4) 9.45 (25.0)
+ TCPGen µ1 = 0,µ2 = 0 No 3.40 (8.9) 8.79 (22.2)
+ TCPGen µ1 = 0.5,µ2 = 1.0 No 3.12 (8.1) 8.64 (20.7)

Standard RNN-T µ1 = 0,µ2 = 0 DR 3.55 (12.5) 8.90 (30.4)
Standard RNN-T µ1 = 0.5,µ2 = 0 DR 3.38 (12.6) 8.59 (29.5)
Standard RNN-T µ1 = 0.5,µ2 = 0.5 DR 3.28 (12.2) 8.50 (28.8)

+ TCPGen µ1 = 0,µ2 = 0 BLMD 3.02 (8.0) 7.49 (18.6)
+ TCPGen µ1 = 0.5,µ2 = 1.0 BLMD 2.79 (7.0) 7.44 (18.2)

Table 4.8 WER and R-WER (in bracket) on LibriSpeech test-clean and test-other sets for
Conformer-based RNN-T models trained on LibriSpeech full 960-hour training set. MBWE
column includes µ1 and µ2 in Eqn. (4.13), and the BLMD column indicates whether density
ratio (DR) or BLMD was used. Biasing list size is 1000 with distractors randomly selected
from the full rare word list.

test-other set compared to the baseline system (comparing row 4 to row 1 and row 6 to row 3
in Table 4.8).

Applying BLMD achieved further WER and R-WER reductions for all systems. In
particular, BLMD increased the relative R-WER reduction from 41% to 43% on test-clean
and from 37% to 38% on test-other (comparing row 6 to row 3 and row 11 to row 9 in Table
4.8). The sign test was used to compare TCPGen with and without MBWE training, as the
WER and R-WER were smaller than those observed in AED. All R-WER improvements after
applying MBWE, including those when BLMD was applied, were significant at p < 0.05.

4.7.3 TCPGen with Conformer Encoder Experiments on AMI

To further show the effectiveness of TCPGen on a different type of data, models trained
on the LibriSpeech full 960-hour data were finetuned on 10% of the AMI training set. For
baseline and TCPGen systems trained with CE on LibriSpeech, finetuning was performed
only with CE loss, whereas for systems trained with MBWE, MBWE loss was also applied
during finetuning. Hyper-parameters for MBWE were found the same way as before on the
AMI dev set, with µ1 = 1.0,µ2 = 3.0 found to be the best for AED and µ1 = 0.5,µ2 = 2.0
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System AED(%) RNN-T(%)

Baseline full AMI 22.53 (54.8) 25.49 (58.4)

Baseline 22.90 (53.4) 25.94 (57.0)
Baseline + MBWE 22.75 (52.8) 25.71 (56.0)
Baseline + MBWE + BLMD 21.79 (49.7) 24.37 (53.7)

TCPGen 21.86 (41.1) 25.58 (45.5)
TCPGen + MBWE 21.66 (39.1) 25.41 (44.2)
TCPGen + MBWE + BLMD 20.74 (36.9) 24.15 (41.0)

Table 4.9 WERs and R-WERs (in bracket) on AMI eval set for Conformer RNN-T models
trained on LibriSpeech full 960-hour training set and finetuned on 10% of AMI train set.
Baseline referred to the standard Conformer AED or RNN-T systems. Biasing list size is
1000 with distractors randomly selected from the augmented full rare word list for AMI.

for RNN-T. The best BLMD hyper-parameters were a1 = 0.3,b1 = 0.2 for both AED and
RNN-T baselines, a2 = 0.2,b2 = 0.1 for TCPGen in AED and a2 = 0.2,b2 = 0.2 in RNN-T.
WER and R-WER for both AED and RNN-T were reported in Table 4.9.

Using 10% of the AMI training data to finetune LibriSpeech 960-hour models achieved
similar WER and R-WER to those trained on the full AMI training data only. Consistent
and significant WER and R-WER reductions were obtained using TCPGen compared to
baseline systems, with p-values less than .001. Using MBWE and BLMD for both baseline
and TCPGen, relative R-WER reductions were further increased from 23% to 26% for the
AED model and from 20% to 24% for RNN-T. The sign test was also performed comparing
TCPGen with MBWE training with TCPGen with CE training, and R-WER improvements
were significant at a p-value less than 0.05 for both AED and RNN-T.

4.7.4 TCPGen with Conformer Encoder Experiments on DSTC

Finally, TCPGen, MBWE and BLMD were evaluated on the DSTC data where the biasing
list was extracted from the ontology. Models trained on the LibriSpeech 960-hour data were
finetuned on the DSTC track2 training set. For the baseline and TCPGen systems without
MBWE training, finetuning was performed only with the CE loss, whereas for systems trained
with MBWE, the MBWE loss was also applied during finetuning. The hyper-parameters for
MBWE were found in the same way as before, with µ1 = 0.5 and µ2 = 5.0. Moreover, as it
is difficult to obtain a large amount of external task-oriented dialogue data for LM training,
an LM was trained only on the DSTC2 training data to perform either shallow fusion or LM
discounting. For the baseline system, this DSTC LM was found to be more effective as an
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SF LM with a1 = 0.1,b1 = 0.0, which achieved a limited WER improvement. For TCPGen,
BLMD was applied with the same a1 and b1 as the baseline, and a2 = 0.0,b2 = 0.1, which,
in addition to the SF, the internal LM effect was discounted in the TCPGen distribution. The
WER and R-WER are reported in Table 4.10 where the R-WER was measured for biasing
words that appeared in the ontology.

System AED(%) RNN-T(%)

Baseline 21.31 (61.5) 21.26 (64.2)
Baseline + MBWE 20.81 (60.4) 21.15 (64.1)
Baseline + MBWE + SF 20.73 (60.4) 20.63 (64.1)

TCPGen 20.38 (45.2) 20.05 (49.2)
TCPGen + MBWE 20.00 (43.6) 19.87 (47.4)
TCPGen + MBWE + BLMD 19.74 (40.3) 19.13 (40.9)

Table 4.10 WER and R-WER (in brackets) on the DSTC3 test set for Conformer AED and
RNN-T models trained on LibriSpeech full 960-hour training set and finetuned on DSTC2
train and dev sets. The biasing list was the one extracted from DSTC ontology.

Progressively larger WER and R-WER reductions were achieved by applying MBWE
and BLMD successively for both AED and RNN-T using TCPGen. For AED, using TCPGen
achieved a 26% relative R-WER reduction compared to the baseline, which became a 33%
reduction with BLMD for AED. For RNN-T, TCPGen alone achieved a 23% relative R-
WER reduction compared to the baseline, which became a 36% relative R-WER reduction
compared to the corresponding baseline with SF. Moreover, a dialogue-by-dialogue sign test
was performed between TCPGen and TCPGen with the MBWE loss. For both AED and
RNN-T, R-WER improvements were significant at a p-value less than 0.05.

4.7.5 Discussion

Training methods WER

Standard 13.05
MWE 12.92
MWE restricted 12.91

Table 4.11 LibriSpeech test-clean set WER using LSTM-based RNN-T with standard RNN-T
training, MWE training and MWE training with restricted beam search after five epochs
using a quarter of clean-100 training set.
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The following discussion of the TCPGen component is based on LibriSpeech experiments.
First, the effectiveness of the restricted beam search for MBWE training is shown in Table
4.11. The standard LSTM-based RNN-T systems were used. Compared to the standard
training, both MBWE training methods achieved a similar WER reduction, whereas the unre-
stricted beam-search MBWE training was 5 times slower than the restricted one. Moreover,
the WER curve against training epoch was smoother for the restricted beam search, as the
hypotheses had more similar sequence lengths than the unrestricted one, resulting in a more
stable training process.
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Fig. 4.11 Test-clean set WER using LSTM-based RNN-T with standard RNN-T training,
MWE training and MWE training with restricted beam search. A quarter of the clean-100
training set was used. Epoch 20 is the starting epoch of MWE training when the first learning
rate annealing happened.
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But in this vignette copied from Turner you 
have the two principles brought out perfectly

But in this vignette copied from Turner you 
have the two principles brought out perfectly

But in this vignette copied from Turner you 
have the two principles brought out perfectly

Fig. 4.12 Heat map showing the generation probability for each word piece in an utterance
taken from recognition results: 1 AED + TCPGen; 2 RNN-T + TCPGen; 3 : RNN-T +
TCPGen + DB, to show how each system spots where to use contextual biasing. Biasing
words are vignette and Turner.

As shown in Fig. 4.12, RNN-T with TCPGen in general outputs a lower generation
probability than AED with TCPGen. One possible reason to explain this difference is that
the loss for RNN-T was calculated at each of the T ⇥N combinations, but only a small
portion of those corresponds to outputting a new token that involved TCPGen. However,
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AED only calculated the loss at each decoder step, where TCPGen was always needed. As a
result, RNN-T with TCPGen performed better on unbiased words while poorer on biased
words than AED. Moreover, DB further reduced the dependency of RNN-T on the TCPGen
component, as part of the functionality of the TCPGen component is performed by hptr. A
similar phenomenon was observed when using DB in AED, but the structural difference
meant that improvements were only found in RNN-T.

2

2.6

3.2

3.8

4.4

5

50 100 200 500 1000 5000
0

3.6

7.2

10.8

14.4

18

50 100 200 500 1000 5000

Std RNN-T Std RNN-T + TCPGen

%
R

-W
ER

%
W

ER

Biasing list size Biasing list size

2

2.6

3.2

3.8

4.4

5

50 100 200 500 1000 5000
0

3.6

7.2

10.8

14.4

18

50 100 200 500 1000 5000

Std AED Std AED + TCPGen

%
R

-W
ER

%
W

ER

Biasing list size Biasing list size

Fig. 4.13 The evolution of WER and R-WER w.r.t. the size of the biasing lists. the upper two
plots were for Conformer AED while the lower two plots were for Conformer RNN-T.

Next, the investigation into sizes of biasing lists was performed by plotting the variation
in WER and R-WER against biasing list sizes, as shown in Fig. 4.13. As shown in Fig. 4.13,
for both AED and RNN-T, WER and R-WER increased as the biasing list size got larger.
However, even at a size of 5000 biasing words, TCPGen was still able to achieve a relative
WER reduction of 10% and a relative R-WER reduction of 23% for Conformer AED. Similar
WER and R-WER effects were also observed with Conformer RNN-T.
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In both AED and RNN-T with LSTM or Conformer decoder, TCPGen improved the error
rates of those unbiased words in addition to the biasing words. In fact, the most common
error pattern of rare word errors is to replace it with a couple of other common words, and
such replacement will influence the recognition of surrounding unbiased words as well. For
example, “FARRINDER SUPPOSED" was recognised as “FANNING JUST SURPRISED",
and “OLIVE CHANCELLOR" was recognised as “ON A CHANCE NOW". In both cases,
the correct recognition of the rare words (i.e. “FARRINDER" and “OLIVE") would benefit
unbiased words (i.e. “JUST", “SURPRISED" and “CHANCELLOR") a lot. As a result,
improvements achieved in rare words by using TCPGen also benefit unbiased words.

Systems AED RNN-T

Baseline + MBWE + BLMD 75.6% 78.0%
TCPGen + MBWE + BLMD 37.8% 41.7%

Table 4.12 Zero-shot WERs on OOV words on the combined Librispeech test-clean and
test-other set using the baseline and TCPGen systems with MBWE and BLMD. Same biasing
lists were used as those in Table 4.7 and Table 4.8.

TCPGen also achieved zero-shot learning 1 of audio training set OOV words incorporated
in the biasing list. There were 468 OOV word tokens in the combined test-clean and test-other
set that were covered by the biasing list. The OOV WER which was measured in the same
way as R-WER but for OOV words on the combined test sets was separately reported in Table
4.12 for the baseline and for TCPGen systems using MBWE and BLMD. These systems used
exactly the same biasing lists with 1000 distractors as those in Table 4.7 and Table 4.8, so
they had the same WER and R-WER as those corresponding systems. As a result, TCPGen
achieves a large OOV WER reduction compared to the best baseline system, and the majority
of OOV words could be correctly recognised once included in the biasing list.

4.7.6 Summary

The performance characteristics of TCPGen has been investigated by experiments on the
LibriSpeech, AMI and DSTC datasets. TCPGen achieved significant and consistent WER
and R-WER reductions across all three datasets and was shown to be an effective and efficient
mechanism to integrate dynamic contextual knowledge. Moreover, advanced training and
decoding algorithms including MBWE and BLMD achieved further significant improvements
in the contextual biasing performance of TCPGen.

1Zero-shot was referred to in this thesis with the assumption that the word is incorporated in the biasing list
during inference.
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Although experiments on LibriSpeech corpora are already viewed as fairly large-scale in
an academic setting, with the fast-paced developments of software and hardware for deep
learning, models now can be trained on hundreds of thousands of hours of speech from a
wide range of speaking styles, background noises and channel properties. The question
of whether contextual biasing, and specifically TCPGen, can remain effective with models
trained on this scale needs to be answered, and the following sections will make the attempt
to address this question.

4.8 TCPGen for Whisper

Recent advancements in software and hardware have facilitated the significant expansion
of end-to-end trainable automatic speech recognition (ASR) systems through the use of
copious amounts of training data. In this regard, large-scale supervised models with extensive
training, such as Whisper (Radford et al., 2023), have been developed in addition to numerous
foundation models featuring self-supervised training, e.g. wav2vec2.0 and GPT2 (Radford
et al., 2019, 2023). Whisper contains a series of ASR models that have been trained in a
supervised manner on hundreds of thousands of hours of labelled speech, which can be
broadly applied across a diverse range of ASR tasks. Unlike self-supervised foundation
models, Whisper aims to provide a readily deployable “out-of-the-box" solution for ASR
tasks in various environments, circumventing the need for supervised fine-tuning of a decoder
for every deployment. This approach aims to mitigate the issue of decoder brittleness when
fine-tuned for specific tasks.

Notwithstanding the comprehensive training data used in Whisper and GPT2, domain-
specific words, such as proper nouns, are rare or absent in the general training data and may
be susceptible to errors when used for a specific domain. On the other hand, fine-tuning these
models on a limited amount of domain-specific data may potentially compromise their ability
to generalise to other tasks. Therefore, it is essential to enhance the performance of these
models on such domain-specific words without sacrificing their capacity for generalisation,
and contextual biasing is one possible solution. The inclusion of words, such as restaurant
names in an ontology for a task-oriented dialogue system, in the biasing list has been shown
in this chapter to significantly improve recognition performance.

Based on the aforementioned concerns and the solution, the final part of this chapter
endeavours to answer the question: “Can contextual biasing remain effective in Whisper and
GPT2?" with the constraint that the parameters of both models are unchanged. Specifically,
TCPGen is a good fit for this task because, as a neural biasing component, it achieves
biasing via distribution-level adaptation which does not require any modifications to the
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Whisper model. In this section, modifications to TCPGen to be compatible with Whisper,
together with a dedicated training scheme on small-scale task-specific data will be introduced.
Notably, the proposed training scheme enables the portability of TCPGen as a neural biasing
component, allowing the "out-of-the-box" nature of Whisper to be maintained without the
necessity of fine-tuning any of its components.

4.8.1 Background for Whisper and GPT2

Whisper (Radford et al., 2023) is a Transformer-based (Vaswani et al., 2017) encoder-decoder
model trained purely on supervised data for multiple languages and multiple speech-related
tasks. The training data contained paired multilingual speech and text obtained from the
Internet. The amount of training data consisted of 680k hours of audio, of which 117k hours
were non-English data. The released Whisper models have various sizes, ranging from 39M
parameters (4 encoder blocks/4 decoder blocks) to 1550M parameters (32 encoder blocks/32
decoder blocks). The tokeniser used the same set of Byte-Pair Encoding (BPE) tokens as
the GPT2 (Radford et al., 2019) model for English-only models and with extra tokens for
multilingual models. Whisper provides competitive ASR results across multiple languages
and domains, without further fine-tuning.

GPT2 (Radford et al., 2019) is a Transformer based LM trained to predict the next word
piece via self-supervision, as explained in Section 2.4. The training data were gathered from
a social media platform, where the resulting text was more than ten billion words. GPT2 and
its predecessor GPT (Radford et al., 2018) have been used to improve the performance of an
existing ASR model (Li et al., 2020b, Zheng et al., 2021).

4.8.2 Biasing Whisper with TCPGen

The integration of TCPGen into the Whisper model is illustrated in Fig. 4.14. TCPGen takes
as input the Whisper final decoder block hidden state hdec to derive the query to calculate
attention as shown in Eqn. (4.21)

qi = ReLU(Whdec
i ) (4.21)

where W is the parameter matrix. The key and value vectors directly used the decoder word
piece embeddings. The computation of the generation probability also used the final hidden
state of the decoder, as shown in Eqn. (4.22).

Pgen
i = s(W1hdec

i +W2hptr
i ) (4.22)



104 Tree-Constrained Pointer Generator for End-to-End Trainable ASR
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Fig. 4.14 Integration of TCPGen in Whisper with corresponding terms in Eqn. ((4.3)). TheL
symbol represents linear interpolation with weights Pgen predicted by TCPGen. Only the

TCPGen part is updated during training. The biasing list example here contains Sophia,
Franklin and Francisco, and underscore marks the word start

where W1 and W2 are the parameter matrices. Then, through Eqn. (4.3), TCPGen leverages
this distribution-level adaptation to bias the Whisper output, by only requiring the output
from the final decoder block of Whisper. During training on task-specific data, the entire
Whisper model is frozen and only the TCPGen parameters are updated. In this way, Whisper
can still generalise to other data while TCPGen as a biasing component provides task-specific
biasing information.

Moreover, as the word frequencies of the training data for Whisper are not available, a
word-error-based approach was adopted to extract a good biasing list for training instead of
using a frequency-based one. This was achieved by decoding the task-specific training set
and gathering distinct word tokens with errors higher than the mean.

4.8.3 Rescoring with GPT2

GPT2, as an off-the-shelf large pretrained LM, was used to rescore the N-best hypotheses
from the ASR model, as the Whisper large model has a different set of word piece units
to the GPT2 model. To improve the effectiveness of using GPT2, an ILME method was
also used following (Meng et al., 2021b). The N-best hypotheses were derived by using the
beam search algorithm during Whisper decoding, together with the log probability scores
associated with each hypothesis.

In addition to GPT2, the log probability of each hypothesis subtracts the internal LM
score, which is estimated by forwarding the Whisper model with the encoder output set
to all-zero vectors. The total score of each hypothesis based on which the re-ranking was
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performed is computed by:

logPWhisper(Y |X)�alogPilm(Y )+b logPgpt2(Y ) (4.23)

where PWhisper(Y |X) is the probability of hypothesis Y given acoustic feature X predicted by
Whisper, Pilm(Y ) and Pgpt2(Y ) are the internal and external LM probabilities of Y , and a and
b are hyper-parameters to be tuned.

4.9 Experiments with Whisper and GPT2

4.9.1 Experimental Setup

Experiments were performed on three datasets, including the LibriSpeech clean data, SLURP
data and the dialogue state tracking challenge Track 2 (DSTC2). LirbiSpeech was used to
represent a fairly generic dataset while the other two were more specific to certain tasks.
The descriptions of each data set and the extraction of the biasing list during inference were
provided below.

LirbiSpeech train-clean-100 set and the dev sets were used for training TCPGen and the
two test sets were used for evaluation. The same full rare word list (Le et al., 2021a, Sun
et al., 2021c), as described before containing 200k words, was used. During inference, one
biasing list for each utterance was obtained by collecting words that appeared in the full rare
word list and adding a certain number of distractors, which, if not specified, was 1000 for
LibriSpeech and SLURP.

SLURP (Bastianelli et al., 2020) is a dataset containing single-turn user interactions
with a home assistant, annotated with scenarios, actions and entities, where 58 hours of real
speech data were used for training. As in Sun et al. (2023b), the full biasing list was obtained
by extracting words from slot entities that appeared in the error-based biasing list for training.
Out-of-training-set words in slot entities were also included, making the full rare word list of
SLURP contain a total of 2.8k words. The biasing list for each utterance during inference
was organised in the same way as for LibriSpeech.

DSTC2 was used the same way as the DSTC 2 and 3 in the Section 4.7.4, where the
biasing list was extracted from the DSTC ontology. Adding out-of-training-set words into
the full rare word list contains 380 words due to the small ontology and was used as a whole
without the need for reference transcription.

Note that as the Whisper tokeniser is case sensitive, for each biasing word, a copy of it
with the first character capitalised was also included in the biasing list, which doubled the
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size of each biasing list. The feature extraction, pre-processing and tokenisation followed the
Whisper pipeline (Radford et al., 2023).

Experiments were performed with both the Whisper “base.en" model trained on English
data and the Whisper large trained on multilingual data2. The base model contained a 6-block
Transformer encoder and decoder with 74M parameters, and the large model contained a
32-block Transformer encoder and decoder with 1550M parameters. TCPGen was trained
separately on each dataset for 30 epochs using an Adam optimiser with a linear tri-state
learning rate scheduler. The training was performed on a single A100 GPU, and, as an
example, the training time of the “base.en" model with TCPGen on LibriSpeech clean-100
was 5 hours. The GPT2 base model was used to rescore 50-best lists without fine-tuning,
with a and b values searched between 0 and 1 on validations sets respectively.

As before, WER and R-WER were used as the evaluation metric, and one decimal place
was kept to be consistent with the Whisper paper (Radford et al., 2023). Moreover, to keep
the performance comparable and compatible with other biasing setups (Le et al., 2021a, Sun
et al., 2021c), unless indicated, text normalisation was not used for scoring, and a discussion
on this is provided in Section 4.9.2.

4.9.2 Results

Test-clean Test-other
System WER (%) R-WER (%) WER (%) R-WER (%)

Whisper base.en 5.2 16.3 10.5 31.4
Whisper base.en + TCPGen 4.8 12.5 10.1 26.5
Whisper base.en + GPT2 4.9 14.9 9.9 29.4
Whisper base.en + TCPGen + GPT2 4.5 11.7 9.7 25.0

Whisper large 4.0 10.4 6.7 20.0
Whisper large + TCPGen 3.4 8.3 6.3 16.3
Whisper large + GPT2 3.9 10.1 6.6 19.6
Whisper large + TCPGen + GPT2 3.4 8.2 6.3 16.3

Table 4.13 WER and R-WER on LibriSpeech test sets using Whisper and TCPGen, rescored
with GPT2. Test-time biasing list selection followed the description in Sec. 4.9. LM weights
tuned on dev sets of each data separately.

The main results are summarised in Table 4.13 for LibriSpeech and Table 4.14 for the
other two data sets. Compared to the Whisper “base.en" model, using contextual biasing

2Code for Whisper models: https://github.com/openai/whisper
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SLURP DSTC2
System WER (%) R-WER (%) WER (%) R-WER (%)

Whisper base.en 27.8 72.5 21.1 71.3
Whisper base.en + TCPGen 25.8 52.3 18.2 41.8
Whisper base.en + GPT2 26.7 67.7 20.8 67.9
Whisper base.en + TCPGen + GPT2 24.8 47.0 16.9 38.7

Whisper large 16.7 61.6 17.3 69.1
Whisper large + TCPGen 15.1 37.1 14.7 33.5
Whisper large + GPT2 16.6 59.3 17.3 68.5
Whisper large + TCPGen + GPT2 15.0 37.1 13.9 29.5

Table 4.14 WER and R-WER on SLURP test set and DSTC2 test set using Whisper and
TCPGen, rescored with GPT2. Test-time biasing list selection followed the description in
Sec. 4.9. LM weights tuned on dev sets of each data separately.

achieved an average 20% relative R-WER reduction on test-clean and test-other sets, a 28%
relative R-WER reduction on SLURP and a 42% relative R-WER reduction on DSTC2.
Reductions on domain-specific data were much larger than that on the generic LibriSpeech
data, since the test time biasing list of LibriSpeech contained mainly generic words, whereas
the biasing lists for the other two test sets contained domain-specific words such as names of
podcasts or restaurants. As biasing word tokens in LibriSpeech and SLURP occupied around
10% of the total number of word tokens in the test sets, the reduction in overall WER was
greater than the overall error reduction reflected by R-WER, indicating that contextual biasing
was also beneficial for unbiased words rather than degrading their performance. This effect
was most obvious for the DSTC2 data. Contextual biasing achieved larger improvements
with the large multilingual Whisper model, with 40% relative R-WER reduction on SLURP
and over 50% R-WER reduction on DSTC2.

When GPT2 was applied to the Whisper “base.en" model, the relative R-WER reductions
became slightly smaller for LibriSpeech as GPT2 served as another generic knowledge
source, where the R-WER reduction was retained for other datasets. However, applying
GPT2 to the large model resulted in a much smaller improvement than to the “base.en"
model. As before, larger relative WER and R-WER reductions were observed with the large
multilingual model when GPT2 was used for rescoring. TCPGen achieved an 18% relative
R-WER reduction on LibriSpeech test sets, 37% on SLURP and 57% on DSTC compared to
the Whisper large model with GPT2 rescoring.



108 Tree-Constrained Pointer Generator for End-to-End Trainable ASR

4.9.3 Discussion

First, the variation of model performance against the sizes of the test-time biasing list was
examined, where SLURP was used for this purpose as a non-generic test set, as shown in Fig.
4.15. Up to the full-sized biasing list of 5.6k biasing words, which achieved a 60.5% R-WER
which did not require any knowledge about the reference, TCPGen still outperformed the
baseline by a relative 18% reduction in R-WER.
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Fig. 4.15 WER and R-WER on SLURP using TCPGen and Whisper base.en model. The
baseline is “base.en" without TCPGen. Full had 5.6k biasing words.

Meanwhile, the influence of text normalisation used in the Whisper paper as a post-
processing stage should be mentioned for both the reference and hypothesis. Results with
normalisation are provided in Table 4.15 for the LibriSpeech test-clean set. Text normalisation

System test-clean (%) SLURP (%) DSTC (%)

Whisper norm. 2.5 (8.1) 14.4 (38.7) 19.9 (67.8)
Whisper + TCPGen norm. 2.3 (7.0) 13.9 (29.2) 14.3 (32.3)

Table 4.15 WER and R-WER (in bracket) on LibriSpeech test-clean, SLURP and DSTC
using Whisper large model and TCPGen, together with text normalisation. A beam size of
10 was used.

had a similar effect on test-other and SLURP, with a relative R-WER reduction of 25% on
SLURP. It was much less influential to DSTC2 and the relative R-WER improvement
remained at 50%. Nevertheless, text normalisation may obscure the improvements to a
biasing word. For example, a word in its possessive contraction form (e.g. Steven’s) was
recognised as its original form (e.g. Steven) while this could potentially be corrected by
TCPGen by incorporating that in the biasing list. However, when text normalisation was
applied, the reference word would be split into two words, e.g. Steven is. If Steven was in
the biasing list, there would be an additional hit to reduce the R-WER, as ’s was obviously
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not a biasing word and its error did not count. If Steven was not on the biasing list, such
a correction by TCPGen would be omitted when calculating R-WER. Therefore, it was
necessary to evaluate the performance of contextual biasing without text normalisation.

Next, the effect of using an error-based biasing list compared to using a frequency-
based biasing list is shown in Table 4.16. As before, SLURP was used for this purpose.
As the frequency-based biasing list had a much lower average WER than the error-based
one, TCPGen was not needed as much by the Whisper model. As a result, using an error-
based biasing list for training achieved 12% additional R-WER reduction compared to the
frequency-based one.

Biasing list WER (%) R-WER (%)

Baseline 27.8 72.5
Frequency-based 26.6 59.8
Error-based 25.8 52.3

Table 4.16 Effect of the error-based biasing list for training TCPGen evaluated using SLURP
data on the Whisper base model. The frequency biasing list contained words that appeared
less than 30 times in the training set.

Finally, as TCPGen required training on a task-specific set, it is worthwhile examining
the performance of words that did not belong to that training set. An OOV WER (Sun et al.,
2022b) was used which was measured the same way as R-WER but for words not in the
task-specific training set, with results shown in Table 4.17. Whisper with TCPGen biasing
achieved 30% relative OOV WER reduction compared to using Whisper alone, which was
much higher than that achieved on other biasing words. As a generic dataset, words not
covered by the LibriSpeech training set had a high chance of being rare in the Whisper
training set and hence TCPGen had a much larger improvement on them. The situation was
reversed on the SLURP and DSTC as two domain-specific datasets, and words not covered
by the training set may be common in the training set of Whisper, especially for DSTC.
Therefore, the OOV WER reduction was smaller on those two datasets compared to the
R-WER reduction.

4.9.4 Summary

This section examined the effectiveness of neural contextual biasing with TCPGen for
Whisper in conjunction with GPT2. To allow TCPGen to be compatible with Whisper,
structural changes were made to adapt TCPGen, along with a dedicated training scheme
without the need to fine-tune Whisper. Experiments across three datasets revealed that using
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System LibriSpeech (%) SLURP (%) DSTC (%)

Whisper 35.0 67.1 15.1
Whisper + TCPGen 24.5 45.3 11.7

Table 4.17 Effect of TCPGen on words not in the task-specific training set using the Whisper
large model, measured by OOV WER defined the same way as R-WER. OOV WER for
test-clean and -other was calculated together.

TCPGen resulted in a large reduction of R-WER when a biasing list of 1000 words was
utilised. In particular, 37% and 57% relative R-WER reductions were achieved on SLURP
and DSTC2 respectively. The findings also suggested that contextual biasing is more effective
when applied to domain-specific data and has the potential to enhance the performance of
universal models without sacrificing their capacity for generalisation. Although only Whisper
and GPT2 were investigated in this section, the biasing scheme can be easily integrated with
other universal ASR and LMs, such as Google’s USM (Zhang et al., 2023) if the parameters
are available.

4.10 Summary and Conclusions

The key findings and contributions in this chapter are summarised as follows:

• Tree-constrained pointer generator (TCPGen) was introduced to integrate dynamic
contextual knowledge into end-to-end trainable ASR systems. TCPGen constructed a
neural shortcut that directly connected the ASR output distribution with the biasing
list. It also computed a generation probability for dynamic interpolation.

• TCPGen, as a generic contextual biasing component, was integrated into both the
attention-based encoder-decoder (AED) system and the RNN transducer (RNN-T)
system.

• A dedicated minimum biasing word error (MBWE) training criterion was proposed for
training systems with TCPGen, and a biasing-word-driven LM discounting (BLMD)
decoding strategy was proposed for inference.

• Experiments on the LibriSpeech audiobook data, AMI meeting data and DSTC spoken
dialogue data demonstrated the effectiveness of TCPGen for contextual biasing. TCP-
Gen was found to be able to handle large biasing lists containing 5000 biasing words
efficiently and was much more effective than deep biasing method.
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• In order to show the effectiveness of neural contextual biasing on universal ASR
models trained on hundreds of thousands of speech data, TCPGen was modified as a
distribution-level adaptation component for the Whisper model, together with a set of
dedicated training methods without the need to change any Whisper parameters.

• GPT2 was also used as a universal large LM to rescore the ASR hypothesis. Therefore,
the effectiveness of TCPGen was evaluated under the combination of a universal speech
model and a large LM, which formed a potential paradigm for the future.

• ASR experiments on LibriSpeech, DSTC and SLURP (a spoken language under-
standing corpus) showed consistent improvements using TCPGen as a neural biasing
component. TCPGen was found to be more effective on domain-specific data such as
DSTC and SLURP, than on more generic data such as LibriSpeech.

As described in this chapter, the TCPGen distribution is only computed by only looking at
the possible set of next word pieces via their word piece embeddings. Those embeddings are
not contextualised, i.e. the same word pieces leading into different words on the prefix-tree
are not distinguished. On the other hand, the lookahead functionality that incorporates the
information on the future branches is helpful to determine the TCPGen distribution and is
also particularly useful for the prediction of the generation probability. In the next chapter,
graph neural networks (GNNs), as a natural subsequent extension by exploiting the tree
structure, will be introduced to TCPGen to obtain prefix-tree encodings that carry future
branch information to further improve the performance of TCPGen in contextual ASR.





Chapter 5

TCPGen with GNN encodings and
Audio-visual Contextual ASR

5.1 Introduction

TCPGen (Sun et al., 2021c), as an efficient neural biasing component that structures biasing
lists into prefix trees and builds a pointer generator neural shortcut to modify the ASR
output directly, has been introduced in Chapter 4. Further exploiting the prefix-tree structure
in TCPGen, this chapter introduces the use of graph neural network (GNN) encodings in
TCPGen to obtain more powerful node representations for the prefix-tree. Three different
types of GNN for prefix-tree encoding in TCPGen, including the tree recursive neural network
(Tree-RNN), graph convolutional network (GCN) (Kipf and Welling, 2017) including its
variant GCNII (Chen et al., 2020b), and GraphSAGE (Hamilton et al., 2017a) with the
max-pooling aggregator. While Tree-RNN is a representative GNN model with a single
recursive layer, GCN and GraphSAGE are two popular and effective multi-layer GNN designs.
Specifically, GCN encodes the tree by using a spectral representation, while GraphSAGE,
as a spatial method, directly explores the graph topology (Zhou et al., 2020). To further
enhance the performance of GNN tree encodings, this chapter proposes attentive and bilinear
combination approaches to explore the complementarity between GCN and GraphSAGE.
Additionally, this chapter introduces an effective parameter-tying scheme for both GCN and
GraphSAGE, which aims to improve their performance with deeper structures.

GNN encodings provide more powerful node representations in the prefix tree of TCPGen,
allowing for “lookahead" functionality where each node contains not only its own word piece
information but also information about its child branches. This improved node representation
in TCPGen leads to more accurate generation probability predictions for biasing words,
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enabling better contextual biasing by incorporating information about future word pieces
during each ASR decoding step. TCPGen with GNN encodings, as a generic component for
end-to-end ASR, has been integrated into both attention-based encoder-decoder (AED) and
recurrent neural network transducer (RNN-T).

In addition to GNN encodings, this chapter also expands the scope of contextual biasing
to a multi-modal scenario and introduces an audio-visual contextual ASR pipeline for
the augmented multi-party interaction (AMI) meeting data. In this pipeline, contextual
knowledge in biasing lists was obtained from the presentation slides alongside each meeting
with an optical character recognition (OCR) tool. With contextual biasing, important named
entities such as the presenter’s name or the name of new concepts are more likely to be
correctly recognised. Moreover, this demonstrates the great potential of applying contextual
biasing, especially using TCPGen, in academic and educational scenarios.

This chapter is organised as follows. Section 5.2 introduces GNNs in general, together
with the application of GNNs to speech and language tasks. Section 5.3 explains the
application of the three GNNs used in TCPGen. Section 5.4 introduces the experimental
setup and the audio-visual contextual ASR pipeline. Experimental results are provided in
Section 5.5, and the chapter concludes in Section 5.6.

5.2 Background

5.2.1 Graph Neural Networks

Graphs are a form of data structure that represent a collection of entities (known as nodes)
and their connections (known as edges). As a non-Euclidean data structure in the domain of
machine learning, graph analysis is concerned with tasks such as node classification, link
prediction, and clustering. The application of GNNs in TCPGen focuses on the node classi-
fication task. GNNs are deep learning techniques designed to operate on graph structures.
Owing to their impressive performance (Zhou et al., 2020), GNNs have emerged as a popular
approach for graph analysis in recent times.

The primary impetus for GNNs can be traced back to the extensive history of neural
networks in the context of graph-based data structures. Previous work investigated the use of
recursive neural networks for directed acyclic graphs (Sperduti and Starita, 1997, Frasconi
et al., 1998). Subsequently, MLPs (Micheli, 2009) and RNNs (Scarselli et al., 2009) were
introduced to handle cyclic graphs. Despite achieving success, these methods relied on
building state transition systems on graphs and iteratively updating them until convergence,
which limited their flexibility and representation capacity. The emergence of CNNs in deep
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learning marked a turning point, as their local connections, shared weights, and multi-layered
architecture proved instrumental in solving graph-based problems. Although traditional
CNNs were originally designed for Euclidean structures such as 2D images or 1D sequences,
they were later extended to graph structures which can also be seen as instances of non-
Euclidean data structures. This extension of deep neural models to non-Euclidean domains,
referred to as geometric deep learning, has become a burgeoning area of research (Bronstein
et al., 2017).

Another significant motivation for GNNs stemmed from graph representation learning
(Cui et al., 2017, Hamilton et al., 2017b, Cai et al., 2017), which involves learning low-
dimensional vectors that represent graph nodes, edges, or subgraphs. Inspired by the success
of word embeddings, DeepWalk (Perozzi et al., 2014) was the first graph embedding method
that employed SkipGram (Mikolov et al., 2013) models on randomly generated walks.
Subsequent research has adopted similar approaches, but often suffers from generalisability
and computational inefficiency (Hamilton et al., 2017b).

Based on CNNs and graph embedding, variants of GNNs have been proposed to aggregate
information from graph structure. Thus GNNs can model input and/or output consisting of
elements and their dependency. This chapter divides GNNs by their propagation modules
along the edge, which can be divided into convolution operations and recurrent operations.
The Tree-RNN and tree-LSTM are two typical GNNs with recurrent propagation modules
while GCN and GraphSAGE have convolution modules. The key difference between recurrent
and convolution modules is whether the same layer is recurrently used throughout the path
traversing the graph. The convolution operator is further divided into spatial approaches and
spectral approaches. The GCN and GCNII belong to the spectral approach which computes
node encodings using the normalised graph Laplacian, L = IN +D�1/2AD�1/2 where IN is
the identity matrix of N nodes, D is the degree matrix and A is the adjacency matrix. The
degree matrix is a diagonal matrix where each element i, i is the number of edges connected
to node i, and the adjacency matrix is the matrix where each element i, j is 1 when there is
a connection between node i and node j, and 0 if there is not. GraphSAGE belongs to the
spatial approach where it directly exploits the local structure of the graph, i.e. it computes
each node encodings by considering nodes connected to it.

5.2.2 GNN for Speech and Language Tasks

GNNs have been extensively employed in a multitude of speech and language tasks. In
language-related applications, such as sentence-level text classification or word-level se-
quence labelling, GNNs are often used to capture the syntactic dependencies or semantic
relations among words in a sentence. Furthermore, the encoding of subword-unit-based tree
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structures using GNNs (Luong et al., 2013, Nguyen et al., 2019) has been explored for the
purpose of generating more effective word representations. GNNs have also been applied
to named-entity recognition (Li et al., 2017) and have been integrated into neural machine
translation systems (Liu et al., 2014, Kawara et al., 2018).

GNNs have also found numerous applications in speech processing. One such application
is text-to-speech synthesis, where GNNs have been used to model the syntactic and semantic
relationships in the text. In GraphTTS (Sun et al., 2020a), the authors structured the sentence
into a hierarchical tree by dividing the utterance into words and then further into characters.
This allowed the system to capture prosodic relationships among different parts of the input.
Additionally, GNNs have been applied to paralinguistic tasks, such as sentiment classification
and hate speech detection (Chen et al., 2015a, Zhang et al., 2018, Sadr et al., 2019), where
GNNs were used as the syntactic encoder. In Sun et al. (2022b), a Tree-RNN structure was
used to encode a word piece prefix-tree in the TCPGen component for contextual biasing.

5.3 GNN Encodings for TCPGen

In standard TCPGen, node representations only contain information about the word piece
associated with that node. However, anticipating future branches in the prefix tree can
greatly enhance the accuracy of generation probability prediction. To incorporate lookahead
functionality, GNNs are used to embed information about future branches into each node
representation. The pipeline of integrating GNN encodings into TCPGen is illustrated in
Figure 5.1.

The word piece prefix-tree is first encoded with a GNN to obtain encodings associated
with each node. Then, the tree with GNN encodings is used by TCPGen, where the key and
value for the TCPGen distribution are computed using the encoding of nodes in the set of
valid word pieces, in place of word piece embeddings as shown in Eqn. (5.1).

k j = WKhgnn
n j

v j = WVhgnn
n j

, (5.1)

where WV and WK are parameter matrices, and hgnn is the GNN node encoding obtained
using different types of GNN. This section introduces three different types of GNN, namely
the Tree-RNN, GCN (including its variant, GCNII) and GraphSAGE with max pooling,
together with combinations of GCN and GraphSAGE as two complementary types of GNN.
Details of these GNN structures applied in TCPGen together with modifications are described
in the following sections.
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Fig. 5.1 Pipeline of encoding prefix-tree with GNN for TCPGen. The prefix-tree is first
encoded by a GNN, and the GNN-encoded tree is used by TCPGen to generate the TCPGen
distribution where key and value vectors are GNN-based node encodings.

5.3.1 Tree Recursive Neural Networks (Tree-RNN)

The Tree-RNN recursively encodes the tree from leaf nodes to the root using an RNN
structure. Specifically, at node n j which contains child nodes n1, ...,nk, ...,nK , the vector
representation of n j can be written as Eqn. (5.2).

htrnn
n j

= ReLU(W1y j + Â
k=1:K

W2htrnn
nk

), (5.2)

where htrnn
nk

is the vector representation of node nk, and y j is the embedding vector of the word
piece of node n j. W1 and W2 are parameter matrices jointly optimised with the ASR system
by allowing gradient back-propagation through htrnn

nk
. In this way, each node recursively

encodes information from its child nodes, such that the information of the entire branch
rooted from it can be incorporated in the node encoding htrnn

nk
.

Before the forward pass of the main ASR model, the encoding of each node is computed
by Eqn. (5.2) recursively from leaf to root. Then, for the same example shown in Fig. 5.1, at
the node of Tur, node encodings htrnn

in_ and htrnn
n are used to calculate the TCPGen distribution

and hptr
i . Therefore, if Turner is in the utterance, TCPGen is aware of this entire word as

early as in the encoding of Tur. Such lookahead functionality achieves a more accurate
prediction of the generation probability to determine when contextual biasing is needed.

Although Tree-RNN achieves lookahead functionality, it uses a rather simple RNN
structure to encode the information of all succeeding nodes on that branch into a single vector
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representation. Therefore, more powerful and flexible GNN encodings are explored in the
following sections in order to improve performance.

5.3.2 Graph Convolutional Network (GCN)

As an alternative method to the Tree-RNN, the GCN is applied for tree encodings to achieve
better node representations with controllable lookahead distance. The GCN is a multi-layer
network where each layer computes the encoding of a node as a function of its neighbours
based on the graph Laplacian matrix. Specifically, define Hgcn(l) = [hgcn

n1 (l), ...,hgcn
nN (l)] as

the node encoding matrix of layer l whose rows hgcn
n j (l) are node encodings corresponding to

node n j, the computation of each GCN layer is shown in Eqn. (5.3).

Hgcn(l +1) = f (D̂�1/2ÂD̂�1/2Hgcn(l)W(l)) (5.3)

where W(l) is the parameter matrix of layer l, f (·) is the activation function, Â = A+ IN is
the adjacency matrix with self-loops which allows the information of the current node to be
included in the node representation, and D̂ is the degree matrix of Â. This specific form of
the normalised graph Laplacian (termed re-normalised graph Laplacian), D̂�1/2ÂD̂�1/2, is
used to address the vanishing/exploding gradient problem. Note that as only future branch
information is needed in TCPGen, Â only contains edges that lead to child nodes, and hence
D̂ is computed based on this modified Â. TCPGen then takes the node encodings of the
final layer, Hgcn(L), to compute key and value vectors in the same way as the Tree-RNN.
As a practical consideration for deep networks in general, residual connections and layer
normalisation are added for any GNNs with multiple layers.

Each layer of a GCN enables one message to be passed from immediate neighbouring
nodes. For a GCN with L layers, the encoding of a node covers information from a node
that is an L-hop ahead on branches rooted from it. Therefore, by controlling the number
of layers L, the scope of the lookahead can be configured. However, recent research found
that the performance of GCNs starts to degrade with more than three layers (Chen et al.,
2020b, Gasteiger et al., 2019). Apart from the fact that deeper networks are more difficult to
train, the representations of the nodes in GCN are inclined to converge to a certain value and
hence become indistinguishable, which is referred to as the over-smoothing problem. One
promising method to address this problem is to build a shortcut directly linking to the first
GCN layer to ensure a certain fraction of the final representation comes from the current node
itself. Thus, the GCNII variant is also investigated in this chapter with each layer computed
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as in Eqn (5.4):

Hgcnii(l +1) = f
⇣
[(1�a)P̂Hgcnii(l)+aHgcnii(0)]Wb (l)

⌘
(5.4)

where Hgcnii(l) is the l-th layer output of GCNII, P̂ = D̂�1/2ÂD̂�1/2, hyper-parameter a
scales the shortcut to the first layer, and Wb (l) is the parameter matrix defined as:

Wb (l) = (1�bl)IN +blW(l) (5.5)

where bl is a layer-dependent hyper-parameter which is ln(1/l +1) in this chapter.
Although GCNII has shown superior performance to a deeper GCN of more than 4 layers,

the maximum length in the biasing list is usually less than 10. With this depth for tree
structures, the over-smoothing problem is less of a concern compared to the best structure of
GCNII with 64 layers, and the network complexity is more problematic. Therefore, a simple
parameter-sharing scheme is also explored in this chapter for deep GNNs to reduce network
complexity. Specifically, the parameter matrices in the first K layers are shared:

W(1) = W(2) = ... = W(K) (5.6)

In contrast to other complex graph structures, message-passing operations from child nodes
to the root in a tree were similar across different layers. Therefore, having the same weight
matrix representing this process effectively reduces the model complexity to a degree that
is adequate for tree encoding. In particular, K = L� 1 for GCN in this chapter so that
there are effectively two layer parameters to be trained while maintaining the depth of the
network. The first K layers act as universal message passing and the last layer performs final
information aggregation from neighbouring nodes.

5.3.3 GraphSAGE with Max-Pooling

Node encodings for Tree-RNN and GCN are based on summation, whereas previous research
(Zhang et al., 2015, Shen et al., 2018) has found that using max pooling also achieves
competitive performance for subword, word or sentence representations. Hence, as an
alternative GNN structure, GraphSAGE with a max pooling aggregator function is also
studied in this chapter. GraphSAGE is a multi-layer GNN with each layer performing
information aggregation over a sampled set of child nodes followed by an update to the
representation of the current node. Although one of the innovations in GraphSAGE is fixed-
size sampling, as the training time biasing list is already a sampled subset from the full
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biasing list, the sampling of GraphSAGE is omitted in this chapter. The computation of each
layer is

hNi(l +1) = max({s(W1(l)hsage
nk

+b(l)),8nk 2N j}) (5.7)

hsage
n j

(l +1) = s(W2(l)[hN j(l +1);hsage
n j

(l)]) (5.8)

where max(·) denotes the element-wise max pooling operator, N j is the set of child nodes of
node n j. Although slightly better than GCN, GraphSAGE also degrades when adding more
layers. Therefore, the same parameter-sharing scheme as GCN is adopted for GraphSAGE,
where both W1 and W2 are separately shared across layers respectively.

TCPGen with GNN encodings still achieves high efficiency in handling large biasing lists.
In training, with a large biasing list of 1000 words, TCPGen with a Tree-RNN was three
times slower than the standard AED or RNN-T model, with a negligible increase in space
complexity. Among the three GNNs, GCN achieved the highest efficiency for training as its
computation can be parallelised the most, whereas the recursive computation in Tree-RNN
and the max-pooling in GraphSAGE hinder their training speed respectively. Moreover,
by generating GNN encodings offline before the start of decoding once the biasing list is
available, the time and space complexity during inference is close to the standard AED or
RNN-T for biasing lists of thousands of words.

5.3.4 Combination of GCN and GraphSAGE

A combination of GCN and GraphSAGE is also explored in this chapter for tree encodings,
as they are conceptually complementary. GCN adopts a spectral approach where the graph
Laplacian is used to aggregate information, while GraphSAGE directly exploits the graph
structure and performs max-pooling aggregation. To exploit the complementarity between
the two GNNs, both additive and multiplicative combination methods were investigated.

Additive combination performs a weighted sum of node encodings from GCN and
GraphSAGE as the final node encodings before being processed by TCPGen (see Eqn. (5.9)).

hcomb
n j

= agcnU1hgcn
n j

+asageU2hsage
n j

(5.9)

where U1 and U2 are parameter matrices which can rearrange the orders of the elements
in each GNN encoding as they may not encode information in the same order (Sun et al.,
2021a). Note that agcn + asage = 1 are two weights that are either fixed or predicted via
attention. The attention calculation is performed on each node n separately, as shown in Eqn.
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(5.10).
[agcn

i,n ,asage
i,n ] = Softmax(qT

i [hgcn
n j

,hsage
n j

]) (5.10)

where qi is the same query vector used to calculate the TCPGen distribution. In this way,
different sets of weights are assigned to different nodes at different decoder steps.

Multiplicative combination is performed via a low-rank approximation of the bilinear
pooling method. The combination is shown in Eqn. (5.11)

ĥcomb
n j

= P(tanh(U1hgcn
n j

)� tanh(U2hsage
n j

)) (5.11)

where P, U1 and U2 are parameter matrices, and � is the element-wise product between
two vectors. Following Sun et al. (2021a), a shortcut connection from each individual GNN
encoding was provided to form the final combined encoding for TCPGen, as shown in Eqn.
(5.12).

hcomb
n j

= ĥcomb
n j

+V1hgcn
n j

+V2hgcn
n j

(5.12)

where V1 and V2 are two parameter matrices.

5.4 Experimental Setup

5.4.1 Data

Experiments were performed on the LibriSpeech and AMI datasets whose descriptions can
be found in Section 4.6.1. The experimental setup on LibriSpeech followed exactly the same
as in Section 4.6.1, where the biasing list was formulated for each utterance by selecting
biasing words (words belonging to the full rare word list) in the reference transcription and
adding a certain number of distractors.

As before, to demonstrate the effectiveness of contextual biasing on data from another
domain with limited training resources, a subset comprising 10% of the utterances from
the AMI training set corresponding to 8 hours of audio was used to fine-tune the models
previously trained on the LibriSpeech 960-hour data. There were 14 meetings from the dev
set and 8 meetings from the eval set that were accompanied by slides, and they were selected
to formulate the new test set for the audio-visual contextual ASR pipeline.
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Fig. 5.2 Illustration of the visual-grounded contextual ASR pipeline for the meeting series
ES2011 containing meetings ES2011a to ES2011d.

5.4.2 Audio-visual Contextual ASR Pipeline

Figure 5.2 illustrates the visual-grounded contextual ASR pipeline for AMI that utilises OCR
output for slides. The Tesseract 4 OCR engine, equipped with LSTM models1, was first
applied to the slides of each meeting series (e.g., ES2011[a-d]). Subsequently, distinct word
tokens were extracted from the OCR output text files, and words in the full rare word list,
which also occurred fewer than 100 times in the AMI training set, were selected to form the
biasing list for that particular meeting series. These meeting-specific biasing lists were then
used for the recognition of all utterances in that meeting series. The size of the biasing lists
varied between 175 to 576, and the total number of word tokens covered by these lists was
1,751 out of 112,110 word tokens (1.5%). As shown in the example in Fig. 5.2, these words
mainly consisted of highly valuable content words whose accurate recognition was crucial
for comprehending the utterance. Therefore, although the biasing lists had a minor impact
on the overall word error rate (WER), they were essential for improving the recognition
performance of critical words.

1Implementation at https://github.com/tesseract-ocr/tesseract
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5.4.3 Model and Training Specifications

The model and training specifications in this chapter are similar to the previous chapter.
The 80-dim FBANK features at a 10 ms frame rate concatenated with 3-dim pitch fea-
tures were used as the model input. SpecAugment (Park et al., 2019) with the setting
(W,F,mF ,T, p,mT ) = (40,27,2,40,1.0,2) was used without any other data augmentation or
speaker adaptation.

A unigram word piece model based on 600 unique word pieces was created using the
LibriSpeech data and was applied directly to the AMI data. Both the AED and RNN-T
models employed a Conformer (Gulati et al., 2020) encoder, which comprised 16 conformer
blocks comprising 4 attention heads of size 512. The AED used a single-layer LSTM decoder
of size 1024 and a location-sensitive attention mechanism featuring 4 heads of size 1024. The
RNN-T, on the other hand, employed a 1024-dim predictor and a joint network consisting of
a single fully-connected layer of size 1024. GNN encodings for LibriSpeech train-clean-100
experiments used 256-dim GNN encodings, whereas the LibriSpeech full-scale experiments
used 1024-dim for GNN encoders.

During training, biasing lists with 1000 distractors were used for the experiments con-
ducted on the LibriSpeech dataset, while 100 distractors were used for the AMI data. To
create these lists, biasing words were selected from the reference transcription, and additional
distractors were added. To prevent the AED model from becoming overly confident about
TCPGen outputs, a dropout-inspired technique was employed during training, as described in
Le et al. (2021a). Specifically, biasing words that were present in the reference transcription
had a 30% probability of being removed from the biasing list. The Conformer was optimised
using the Noam optimiser Vaswani et al. (2017).

LM shallow fusion and biasing-driven LM discounting (BLMD) introduced in Chapter 4
were implemented using a two-layer LSTM-LM with 2048 hidden units trained on the 800
million-word text training corpus of LibriSpeech as the target domain LM for the LibriSpeech
experiments. Each source domain LM, trained on the text of the audio training data, used a
single-layer LSTM with 1024 hidden units. It is worth noting that each LM had the same
word pieces as the corresponding ASR system.

5.4.4 Evaluation Metrics

Evaluation was performed based on WER, R-WER and OOV WER as described in Section
4.6.5 in detail. Moreover, the slides rare word error rate (Rs-WER) was reported for the
AMI experiments calculated in the same way as R-WER, but for the rare words in slides.
Insertions of slides biasing words were included in Rs-WER.
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As rare words are scarce in the dataset, significance tests were performed to ensure that
the improvements found by using GNN encodings were statistically significant. Specifically,
independence was assumed at the book level for LibriSpeech and at the speaker level for
AMI. The alternative hypothesis was defined as the GNN system performing better than the
standard TCPGen (i.e. a one-tailed sign test).

5.5 Results

5.5.1 LibriSpeech Train-Clean-100 Results
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Fig. 5.3 Plot of WER (%) and R-WER (%) against the number of GNN layers for RNN-T
on LibriSpeech test-clean data. Systems were trained on train-clean-100 for 120 epochs.
Biasing lists with 1000 distractors were used. “Tied" referred to the parameter-tying scheme.
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Fig. 5.4 Plot of WER (%) and R-WER (%) against the number of GNN layers for AED
on LibriSpeech test-clean data. Systems were trained on train-clean-100 for 120 epochs.
Biasing lists with 1000 distractors were used. “Tied" referred to the parameter-tying scheme.

Experiments were first performed on the train-clean-100 set to find the best-performing
GNN setups. The first investigation was on the number of GNN layers which determines
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how much lookahead is needed. The plots of WER and R-WER against the number of layers
for RNN-T are shown in 5.3, and those for AED are shown in 5.4. Note that parameter tying
only had effects when there were more than two layers.

For RNN-T, both GCN and GraphSAGE had a clear trend that the performance tended to
degrade when the number of layers was increased beyond three and degraded significantly
when it reached twelve layers. GraphSAGE suffered less from this problem than GCN as the
max pooling operator enabled the gradient for salient nodes to remain at its original value
instead of being over-smoothed Chen et al. (2020b). This degradation was clearly mitigated
by either using the GCNII structure or the parameter-tying scheme proposed in this chapter.
The best performance was achieved by 6-layer systems using WER as the selection criterion,
where GCN and GraphSAGE with tied parameters achieved better performance than GCNII.

Similar observations were found with AED, where GCN and GraphSAGE with tied
parameters achieved slightly better performance than GCNII. However, the best performance
was achieved using 2-layer GCN and 3-layer GraphSAGE models. This difference is mainly
caused by the label-synchronous nature of AED, where the model required knowledge for
predicting only the next token, and information further into the future is much less useful for
next-token prediction in contrast to RNN-T.
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Fig. 5.5 Variation of WER and R-WER against model combination weight asage, and dynamic
refers to using attention mechanism for weight calculation.

The best-performing GCN and GraphSAGE with tied parameters were used for model
combination. For additive combination, systems with different fixed combination weights
gave the results shown in Fig. 5.5, together with the system adopting attentive combination
weights. As a result, dynamic combination performed better than most fixed-weight combi-
nations, whereas the best performance was still obtained by the fixed-weight combination
for both AED and RNN-T, with asage = 0.2. By examining the predicted dynamic weights,
it was found that unless at the root node of the tree, the dynamic weight almost completely
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ignored GraphSAGE encodings and hence suffered from mode collapse, and hence Graph-
SAGE encodings were not properly trained. In fact, since GCN is usually better at handling
near-future information, the model learnt to only rely on GCN.

5.5.2 LibriSpeech 960-hour Results

test-clean (%) test-other (%)
System GNN Enc. BLMD WER R-WER WER R-WER

Conformer AED N/A ⇥ 3.71 13.2 9.36 29.5
+TCPGen No ⇥ 3.34 8.4 8.43 21.3
+TCPGen Tree-RNN ⇥ 3.13 6.7 7.94 17.8
+TCPGen GCN tied ⇥ 2.81 6.7 7.34 17.1
+TCPGen GCNII ⇥ 2.88 6.8 7.46 17.5
+TCPGen GraphSAGE tied ⇥ 2.91 6.6 7.42 17.0
+TCPGen Additive (fixed) ⇥ 2.59 5.8 7.00 15.5
+TCPGen Additive (dynamic) ⇥ 2.72 6.3 7.17 16.4
+TCPGen Bilinear ⇥ 2.62 6.1 7.08 16.1

Conformer AED N/A X 3.33 12.3 8.04 27.6
+TCPGen No X 2.79 6.9 7.40 19.5
+TCPGen GCN tied X 2.48 5.2 6.33 14.2
+TCPGen Additive (fixed) X 2.26 4.2 5.87 11.5

Table 5.1 WER and R-WER on LibriSpeech test-clean and test-other sets using Conformer
AED and TCPGen trained on LibriSpeech 960-hour data with various GNN encodings. Note
that both GCN (2-layer) and GraphSAGE (3-layer) adopted parameter tying.

The main results for the LibriSpeech full-set experiments were given in Table 5.1 for AED
and in Table 5.2 for RNN-T respectively. Compared to the standard TCPGen, all three types
of GNNs achieved significantly better WER and R-WER (at p values smaller than 0.01) on
both test sets for both AED and RNN-T. In particular, using multi-layer GNN, such as GCN
and GraphSAGE, achieved clearly better performance than Tree-RNN on AED, whereas
the performance difference among those three GNN types was less obvious on RNN-T. The
best-performing GNN structure on both AED and RNN-T was GCN with tied parameters.
For AED, GCN achieved a 16% relative WER reduction with a 20% R-WER reduction on
the test-clean set and a 13% relative WER reduction with a 19% relative R-WER reduction
on the test-other set (comparing row 4 to row 2 in Table 5.1). For RNN-T, GCN achieved a
9% relative WER reduction with a 21% relative R-WER reduction on the test-clean set and a
7% WER reduction with a 17% relative R-WER reduction on the test-other set (comparing
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test-clean (%) test-other (%)
System GNN Enc. BLMD WER R-WER WER R-WER

Conformer RNN-T N/A ⇥ 4.02 14.1 10.12 33.1
+TCPGen No ⇥ 3.40 8.9 8.79 22.2
+TCPGen Tree-RNN ⇥ 3.14 7.6 8.23 18.8
+TCPGen GCN tied ⇥ 3.11 7.0 8.14 18.4
+TCPGen GCNII ⇥ 3.16 7.7 8.36 18.9
+TCPGen GraphSAGE tied ⇥ 3.10 6.9 8.18 18.6
+TCPGen Additive (fixed) ⇥ 2.99 6.5 8.10 16.7
+TCPGen Additive (dynamic) ⇥ 3.02 6.6 8.14 17.2
+TCPGen Bilinear ⇥ 2.97 6.2 8.02 16.6

Conformer RNN-T N/A X 3.55 12.5 8.90 30.4
+TCPGen No X 3.02 8.0 7.49 18.6
+TCPGen GraphSAGE tied X 2.71 6.3 7.34 17.7
+TCPGen Bilinear X 2.56 5.3 6.89 14.1

Table 5.2 WER and R-WER on LibriSpeech test-clean and test-other sets using Conformer
RNN-T and TCPGen trained on LibriSpeech 960-hour data with various GNN encodings.
Note that both GCN (6-layer) and GraphSAGE (6-layer) adopted parameter tying.

row 4 to row 2 in Table 5.2). With similar levels of R-WER reduction, AED achieved a
higher reduction in WER. As analysed in Section 4.7.5, TCPGen produced a much more
confident prediction of Pgen with AED than RNN-T, where the main reductions in overall
WER were attributed to the reduction in R-WER. The improvements using GNN indicated
that the GNN encoding improved the prediction of Pgen, which was more beneficial for the
overall WER in AED.

Both additive and bilinear combinations of GNN encodings achieved superior perfor-
mance to individual GNN encodings with both AED and RNN-T models. For the AED model,
the best performance was achieved by the additive combination with the best set of fixed
weights previously found on train-clean-100 experiments, while the bilinear combination
achieved very similar performance to the additive one. This led to a total of 31% relative
R-WER reduction compared to the standard TCPGen (comparing row 7 to row 2 in Table
5.1), and a total of 56% relative R-WER reduction compared to the baseline Conformer
AED model. The performance improvement with the GNN combination was smaller on
RNN-T, with the best results achieved by the bilinear pooling combination. This resulted in
a 30% relative R-WER reduction compared to the standard TCPGen (comparing row 9 to
row 2 in Table 5.2), and an overall 56% relative R-WER reduction compared to the baseline
Conformer RNN-T model.
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Selected systems were evaluated with BLMD, where TCPGen with GNN encodings
achieved a further performance improvement. The best-performing system for AED was
TCPGen with the additive combination of GNN encodings, which achieved an overall 66%
relative R-WER reduction on the test-clean set and 58% reduction on the test-other compared
to the baseline. For RNN-T, an overall 57% relative R-WER reduction was achieved on
test-clean, and 54% was achieved on test-other.

Systems AED (%) RNN-T (%)

Baseline 71.8 80.0
+ TCPGen 31.9 42.2
+ TCPGen + GCN 27.9 41.5
+ TCPGen + GCN + GraphSAGE 23.5 34.9

Table 5.3 Macro averaged OOV-WER across test-clean and test-other sets for AED and
RNN-T using TCPGen with GNN encodings, under the same setup as Table 5.1 and 5.2 with
1000-word biasing lists. Baseline referred to the standard AED or RNN-T systems. Note that
BLMD was applied for all systems in this table.

Moreover, the OOV-WERs were shown in Table 5.3, which had the same reduction pattern
as R-WER for both AED and RNN-T. The best AED and RNN-T systems with combined
GNN encodings for TCPGen reduced the OOV-WER by over 60%. Notably, BLMD was
particularly beneficial for GNN encodings in AED systems, reducing the OOV-WER to 1/3
of the OOV-WER of the baseline standard Conformer AED. This confirmed that even though
GNN required more parameters to encode the prefix tree, TCPGen still generalised well to
unseen branches (i.e. OOV words) on the tree.

5.5.3 AMI Audio-Visual Contextaul ASR experiments

The performance of various GNN encodings for TCPGen was further investigated on the
audio-visual contextual ASR pipeline, and results were shown in Table 5.4. In general, reduc-
tions in R-WER had a much smaller influence on the overall WER than with LibriSpeech,
as rare words only occupied a much smaller portion. The findings were consistent with
LibriSpeech, where the best-performing combination methods for AED and RNN-T were
additive and bilinear respectively. However, the relative R-WER improvement was smaller
compared to that in the LibriSpeech experiments, as the best-performing system here already
had an R-WER that was very close to the overall WER whereas the R-WER in LibriSpeech
was still twice as high as the overall WER. Compared to the baseline standard systems,
TCPGen in AED achieved over 35% relative R-WER reduction using the best combined
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AED (%) RNN-T (%)
System GNN Enc. BLMD WER Rs-WER WER Rs-WER

AMI Baseline N/A ⇥ 23.6 56.3 26.5 58.0

Baseline N/A ⇥ 22.2 51.2 25.7 52.6
+TCPGen No ⇥ 22.0 40.5 25.5 44.7
+TCPGen Tree-RNN ⇥ 21.9 36.7 25.4 40.7
+TCPGen GCN tied ⇥ 21.9 35.3 25.4 40.7
+TCPGen GraphSAGE tied ⇥ 21.9 36.4 25.2 39.6
+TCPGen Additive Comb. ⇥ 21.8 33.1 25.1 36.2
+TCPGen Bilinear Comb. ⇥ 21.8 33.5 25.1 36.2

Baseline N/A X 21.1 45.5 24.3 46.5
+TCPGen No X 20.9 34.2 24.1 37.7
+TCPGen GCN tied X 20.8 32.2 23.7 33.8
+TCPGen Additive Comb. X 20.7 29.7 23.6 33.2
+TCPGen Bilinear Comb. X 20.7 31.1 23.6 32.9

Table 5.4 WER and Rs-WER on AMI test set using the audio-visual contextual ASR pipeline
with 10% of AMI training set. Baseline refers to the standard AED and RNN-T systems, and
AMI baseline refers to standard systems trained from scratch on the full AMI training set.

GNN encodings, while TCPGen in RNN-T achieved over 30% relative R-WER reduction
with the best GNN encodings both with and without BLMD.

5.6 Summary

Key findings and contributions in this chapter are summarised as follows:

• The tree-constrained pointer generator (TCPGen) component was further augmented
with Graph Neural Network (GNN) for prefix-tree encodings. Instead of using the word
piece information associated with each node, GNN allowed the lookahead functionality
so that information on branches rooted from a specific node was also incorporated in
the node encoding. This enabled TCPGen to better predict whether the next word was
in the biasing list through a more accurate generation probability, Pgen.

• Three types of GNN models were investigated for TCPGen, including the tree re-
cursive neural network (Tree-RNN), the graph convolution network (GCN) together
with its variant, GCNII, and GraphSAGE. While Tree-RNN represents the recurrent
operation, GCN and GraphSAGE represent spectral and spatial operations respectively.
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Moreover, as two complementary GNN structures, GCN and GraphSAGE were further
combined at the final encoding level by additive combination and bilinear combination
approaches.

• Experiments were conducted on the LibriSpeech audiobook and the augmented multi-
party interaction (AMI) meeting corpora. In particular, the audio-visual contextual
ASR pipeline was proposed for AMI, where contextual knowledge was extracted
from the presentation slides associated with each meeting. Results on both corpora
showed significant and consistent improvements using GNN encodings compared to
the standard TCPGen. The audio-visual contextual ASR pipeline also demonstrated
the potential of applying contextual biasing and TCPGen to many academic scenarios
where presentation slides or papers are available.

So far, TCPGen has been applied to various ASR tasks. However, the long-tailed word
problem also exists in end-to-end spoken language understanding (SLU) systems that also
adopt a static set of model parameters. In practice, SLU tasks are usually accompanied by
domain-specific knowledge bases, such as restaurant or music names. Such knowledge bases
can be readily converted into biasing lists, and by predicting slot types, more focused biasing
lists could be extracted. Moreover, the knowledge bases usually cover rare but important
named entities, which are perfect targets to perform contextual biasing. Therefore, in the
next chapter, TCPGen equipped with GNN encodings is also applied to end-to-end SLU
systems to achieve improved SLU performance on rare but important named entities.



Chapter 6

TCPGen for End-to-end SLU

Spoken language understanding (SLU) plays a key role in spoken dialogue systems, which
includes user intent detection and slot-filling. SLU is often implemented as a pipeline
system that first transcribes speech into text with an ASR system, and then performs intent
detection or slot-filling with a natural language understanding (NLU) component operating
only on texts. The pipeline systems ignore the prosody and pronunciation information that
is embedded in the speech but not available in the text transcription and can have more
NLU errors propagated from the ASR errors, in particular, named entity-related errors. End-
to-end SLU systems (Serdyuk et al., 2018, Haghani et al., 2018, Radfar et al., 2020) can
potentially resolve these issues, by combining the ASR and NLU components into a single
audio-grounded model. Such systems can be improved by leveraging powerful acoustic and
language representations pre-trained with a large amount of data (Baevski et al., 2020, Liu
et al., 2019a, Hinton et al., 2014, Seo et al., 2022, Raju et al., 2022, Rao et al., 2021, Wang
et al., 2021).

While end-to-end SLU systems mitigate error propagation, the slot-filling task still relies
on the correct recognition of the named entities in the speech, especially when the named
entity contains rare words. Contextual biasing, as an effective method used in ASR to handle
the long-tailed word problem, can also be applied to end-to-end SLU systems.

This chapter introduces the application of TCPGen in end-to-end SLU systems. TCPGen,
together with GNN encodings, can be integrated into both sequence tagging-based SLU
systems and sequence generation-based SLU systems: both of them are introduced in this
chapter. TCPGen particularly benefits the model performance on slot-filling by integrating
knowledge from a structured knowledge base associated with the slot-filling data, especially
on rare and unseen entities in the training set. Moreover, TCPGen achieves zero-shot learning
on unseen entities in both types of SLU system.
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The rest of this chapter is organised as follows. Section 6.1 provides background for
SLU tasks and knowledge integration in SLU. Section 6.2 introduces how TCPGen can be
integrated into the tagging-based SLU system, with experimental results provided in Section
6.3. Section 6.4 introduces the knowledge-aware audio-grounded (KA2G) framework by
integrating TCPGen into a sequence generation-based SLU system, with experimental results
shown in Section 6.5. A chapter summary is provided in Section 6.6

6.1 Background

6.1.1 End-to-End SLU

In recent years, end-to-end SLU systems have tried to leverage external knowledge to achieve
improved performance. Most research focused on using implicit knowledge from pre-trained
representations, such as RoBERTa (Liu et al., 2019a) and wav2vec2.0 (Baevski et al., 2020).
External knowledge from those models was integrated via knowledge distillation (Hinton
et al., 2014) or network integration (Seo et al., 2022, Raju et al., 2022, Rao et al., 2021, Wang
et al., 2021). Specifically, in (Rao et al., 2021) and (Seo et al., 2022), neural representations
from the ASR model and text representations from a pre-trained LM were combined in the
interface for the SLU tasks.

For slot-filling, recent research has seen increased interest in reformulating the task be-
yond standard sequence labelling and classification paradigms (Shah et al., 2019, Budzianowski
and Vulić, 2019, Mehri and Eskenazi, 2021). For example, Namazifar et al. (2020) and Liu
et al. (2022) recast slot filling as a QA task and a reading comprehension task, respectively,
with both studies focusing on applications with limited data. More recently, Fuisz et al.
(2022) performed a comprehensive analysis of the QA approach for slot filling and provided
both efficient and effective fine-tuning methods for domain-specific slot-filling models.

Formulating slot filling as a text generation task has also recently become an active
research area. (Mehri and Eskenazi, 2021) proposed a generative slot-filling framework that
leverages pre-trained language models (PLMs) fine-tuned on specific tasks and domains
to improve task-/domain-specific generation. Another research stream focused on framing
dialogue state tracking (DST) for multi-turn task-oriented dialogue (ToD) as a text generation
task. In particular, the T5DST model (Lin et al., 2021b) utilised different slot descriptions as
the prompt for generation for cross-domain DST.
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6.1.2 Knowledge Integration in End-to-End SLU

The research conducted by Chen et al. (2020a) involved encoding domain-slot relationships
from the dialogue ontology using a graph neural network (GNN) to provide guidance
for the system. Subsequently, Lin et al. (2021a) extended the use of GNNs to capture
interdependencies in slot values across different domains. In the context of slot filling for
task-oriented dialogue systems with speech input, Wang et al. (2022) employed a Transformer
encoder to encode external knowledge into hidden representations, whereas Sun et al. (2023b)
established a neural shortcut from the external knowledge base directly to the slot filling
output. Both methods focused on zero-shot learning setups; however, they relied on the
conventional sequence labelling formulation of the slot filling task.

6.2 TCPGen for Tagging-Based SLU

6.2.1 Motivation

Contextual biasing is a common technique employed in end-to-end ASR systems to improve
the recognition accuracy of rare words. In SLU and spoken dialogue systems, a structured
knowledge base (KB) can be used to collect possible named entities for each slot type. The
biasing list can be extracted from the KB by selecting rare and unseen entities in relevant
slots, thus improving the performance of end-to-end SLU systems. To generate the biasing
list, a class language model (CLM) can be used to predict a shortlist of possible slot types for
the upcoming words, which is referred to as the slot shortlist (SS). The possible entities for
each slot type in the SS can then be retrieved from the KB and organised into the biasing list.

This chapter focuses on the TCPGen component as a contextual biasing mechanism for
SLU. In the tagging-based system, TCPGen’s shortcut to the ASR output can be expanded
to include slot-filling output tags by transforming the distribution over wordpieces into a
distribution over slot types. This approach is referred to as slot probability biasing (SPB).
When combined with SS, TCPGen and SPB can enhance the performance of the tagging-
based SLU system on rare and unseen entities. Furthermore, incorporating possible named
entities of those types in the KB allows for zero-shot learning of unseen slot types.

6.2.2 Tagging-Based SLU System

The SLU system in this chapter is shown in Fig. 6.1, similar to Rao et al. (2021), Raju et al.
(2022). The decoder hidden state sequence from AED was first sent through a bi-directional
long short-term memory module. Then, to leverage external knowledge from a pre-trained
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Fig. 6.1 End-to-end SLU system. The word-level alignment aligns the two sequences of
representations at word boundaries.

representation, a sequence of RoBERTa output vectors was extracted and both sequences
were aligned and concatenated at word boundaries. The concatenated vector sequence was
used to perform slot classification at the boundary of each word. Intent classification only
used the output at the final step. The AED, RoBERTa and BiSLTM modules were jointly
optimised with the ASR, slot and intent classification tasks.

6.2.3 Slot Shortlist Prediction with a Class LM

TCPGen with slot shortlists (SS) used a more focused biasing list for better recognition.
Specifically, a word-level causal CLM which predicts the class of the next word given word
history was applied to predict a shortlist of the top N most probable slot types at the beginning
of each word. The biasing list can be extracted by collecting entities belonging to those
slots. However, when using GCN encodings during inference, as the SS kept varying during
decoding, it was inefficient to encode the prefix tree repeatedly for every update of the biasing
list. To address this, prefix trees were encoded offline for each slot type separately before
decoding. The computation of the TCPGen distribution first computed the joint probability
distribution over valid wordpieces and slot types and marginalised w.r.t. the slot types. This
procedure is illustrated in Fig. 6.2.

As shown in Fig. 6.2, the number j on each node denotes a wordpiece and the encodings
of each node, em, j, were obtained by encoding the tree corresponding to slot m using a GCN.
These node encodings were concatenated to form the keys and the same scaled dot-product
attention in TCPGen was performed to calculate a distribution over these node encodings, as
shown in Eqn. (6.1).

Pptr(s,yi) = Softmax
⇣qT

i [· · · ,em, j, · · · ]
p

d

⌘
(6.1)
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Fig. 6.2 Illustration of TCPGen with slot shortlist (SS). The example SS contains 2 slot types
with their prefix trees each containing 2 entities. Nodes with grey fillings are the valid subset
of wordpieces. Number 1 to 6 represents wordpieces. The current decoding step is i, em, j
denotes wordpiece j on tree m, and Pm, j = Pptr(s = m,yi = j)

where qi and d are the same as Eqn. (4.1). Finally, probabilities of nodes corresponding to
the same wordpiece were summed to obtain the final TCPGen distribution as shown in Eqn.
(6.2)

Pptr(yi) = Â
s2S

Pptr(s,yi) (6.2)

where S denotes the set of slot types. This method is applied during inference. Moreover, as
for TCPGen, TCPGen with SS can be generalised to work with phrases. When handling a
biasing list of entities of more than one word, instead of obtaining a new shortlist at each
word boundary, the shortlist is only updated at word boundaries where there are no valid
paths on current prefix trees.

6.2.4 Slot Probability Biasing

A distribution over slot types can also be estimated from the joint distribution in Eqn. (6.1)
by summing all of the node probabilities on each slot tree, as shown in Eqn. (6.3)

Pptr(s) = Â
yi2Ys

Pptr(s,yi) (6.3)

where Ys is the set of valid wordpieces at step i on the tree corresponding to slot s. This
probability was then interpolated with the original SLU model output slot probabilities,
weighted by the generation probability Pgen

i indicating how likely the next wordpiece token
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should be taken from the prefix trees, as shown in Eqn. (6.4).

P(s) = Pmdl(s)⇥ (1�aPgen
i )+Pptr(s)⇥aPgen

i (6.4)

where a is a hyper-parameter between 0 and 1 to restrict the influence of TCPGen as entities
found in the biasing list are not always slot values. Pmdl(s) is the original model output slot
probability. This method was particularly beneficial to entities that are unseen in the training
set, and it realised zero-shot learning of unseen slots by providing a list of possible entities.

6.3 Experiments for Tagging-based SLU

6.3.1 Experimental Setup

6.3.1.1 Data

Experiments were performed on the SLURP data (Bastianelli et al., 2020) in this chapter.
SLURP is a collection of 72K audio recordings of single-turn user interactions with a home
assistant, annotated with scenarios, actions and entities. Experiments were first performed
using the official training, validation and test split, with synthesised audio used during
training following (Arora et al., 2022a), to show the effectiveness of TCPGen on the standard
SLU task. Additionally, a new split of the data was used by holding out utterances containing
entities in five randomly selected types (podcast_name, artist_name, audiobook_name,
business_name, radio_name) to evaluate zero-shot learning of unseen slot types. These
utterances were mixed with an equal number of randomly selected utterances with seen slots
or without slots to form the test set, and the rest of the utterances were used for training and
validation. Moreover, the LibriSpeech 960-hour read English corpus was used to pre-train
the ASR part of the system before training on SLURP.

6.3.1.2 Biasing List Extraction

The biasing list selection on LibriSpeech data followed the same procedure as used in Chapter
4. For SLURP, lists of slot entities in the data were categorised into their corresponding slots
to form the KB. In this chapter, rare words were defined as words in the KB and appeared
less than 30 times in the SLURP training set, which also includes unseen words. There
were altogether 3k rare words. The rare word biasing list was organised by including rare
words that appeared in the list of each slot, and the rare entity biasing list included entities
containing rare words for each list. Note that unbounded slots such as date, time or frequency
were not included in this biasing list as it was difficult and tedious to enumerate all possible
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values. The size of rare word biasing lists ranged from 4 to 712 words, and the size of rare
entity biasing lists ranged from 1 to 847 entities. For experiments on the new data split,
all entities in the held-out 5 slots were used in the rare entity biasing list as none of them
appeared in the training set.

6.3.1.3 Models and Evaluation Metrics

For both datasets, input features used 80-dimensional (-d) log-Mel FBANK features at a 10
ms frame rate concatenated with 3-d pitch features. SpecAugment Park et al. (2019) with the
setting (W,F,mF ,T, p,mT ) = (40,27,2,40,1.0,2) was used for data augmentation.

The ASR model used was an AED model with an encoder with 16 conformer blocks
(Gulati et al., 2020) with 512-d hidden state and 4-head attention, 1024-d single-head location-
sensitive attention and a 1024-d single-layer unidirectional LSTM decoder. The BiLSTM
module contained a 1024-d single-layer bi-directional LSTM. The RoBERTa base model
with 768-d output representations was used. The CLM for SS prediction was a single-layer
2048d LSTM LM. AED models together with TCPGen were first trained on LibriSpeech
960-hour data for 20 epochs. The model parameters were then used to initialise relevant parts
in the SLU system. During training, n slot types were selected by finding slots that appeared
in the utterance annotation and adding distracting slots to match the n used during inference.
Rare words belonging to those slot types were gathered to form the biasing list for training.

Models were evaluated using WER and rare word error rates (R-WER) defined in Chapter
4. R-WER is the rate of deletion, substitution and insertion of a rare word. For SLU, the
SLU-F1 described in Section 3.5 was used to measure the slot-filling performance. The
baseline is a pipeline system which takes the 1-best hypothesis from the AED model as the
input to a tagging-based NLU system with RoBERTa (Liu et al., 2019a) as a backbone.

6.3.2 Results and Discussion

The performance of the end-to-end SLU system was evaluated on the official split of the
SLURP dataset, and the results for WER, R-WER, and SLU-F1 are reported in Table 6.1. In
the baseline model, the same RoBERTa model structure was used for the NLU component as
in the end-to-end SLU system. The end-to-end SLU system outperformed the baseline model
in terms of SLU-F1 as well as WER and R-WER. The improvement in performance can be
attributed to the slot-filling task being included as a multi-task learning objective, which also
facilitated the training of the ASR component.

Further reductions in WER, R-WER and SLU-F1 were achieved using TCPGen. When
the full rare word list was used for biasing, a 13% relative R-WER reduction was achieved,
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System Biasing list WER R-WER SLU-F1

Std. AED + NLU N/A 12.7% 43.4% 77.8%

Std. SLU N/A 12.6% 43.0% 78.4%
+TCPGen full 12.4% 37.6% 78.9%
+TCPGen top 1 12.1% 37.0% 79.1%
+TCPGen top 2 11.9% 36.2% 79.2%
+TCPGen top 5 12.0% 35.6% 79.1%
+TCPGen top 10 12.1% 36.6% 79.0%

+TCPGen top 2 entity 12.0% 36.8% 79.2%

Table 6.1 Results on the SLURP test set with the official split using TCPGen with different
sizes of slot shortlist (SS) in SLU. Std. AED + NLU is the pipeline system. Full refers to
using a single large biasing list containing all rare words, and top n refers to using biasing
lists corresponding to the top n slot types. SPB was not used in this table. Entity refers to
using the rare entity biasing list during inference. Improvements were statistically significant
at p 0.01.

which resulted in an increase of 0.5% in SLU-F1. This increase was mainly due to the correct
recognition of rare words. Then, more focused biasing lists were obtained using the predicted
slot shortlist. The best number of slot types to include in the SS was found by balancing
the trade-off between the size and the coverage of biasing lists. Including more slot types
increased the chance to cover a specific rare word, but also increased the size of the biasing
list which can degrade performance. In Table 6.1, the best WER and SLU-F1 were achieved
using the top 2 slot types, which gave a 16% relative R-WER reduction and an increase of
1.4% in SLU-F1 compared to the baseline. Although the top 5 achieved a lower R-WER, as
the size of the biasing list increased, the degradation of recognition accuracy on common
words reduced the overall performance. Moreover, using rare entity biasing lists achieved a
very similar performance to rare word biasing lists.

The slot probability biasing (SPB) method enabled the system to further exploit rare
and unseen words that were correctly recognised using TCPGen but were still misclassified
by the SLU output, and gave an additional performance boost as shown in Table 6.2. By
increasing a up to 0.5, the overall SLU-F1 increased by 0.3 compared to the best TCPGen
SLU system without SPB, which led to an increase of 1.7% in the overall SLU-F1 score
compared to the baseline. The main contributor to this improvement was the recall rate.
However, further increasing a degraded the SLU-F1, as the recall rate stopped increasing
while precision degraded. Moreover, the intent accuracy was also compared here to complete
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System a SLU-F1 (unseen) Intent Acc.

Std. AED + NLU N/A 77.8% (50.5%) 87.9%

Std. SLU N/A 78.4% (51.1%) 88.6%
+TCPGen 0.0 79.2% (54.8%) 88.7%
+TCPGen 0.5 79.5% (57.5%) 88.9%

Table 6.2 Results on the SLURP test set with the official split using SS and SPB in SLU,
with the effects of different a values (see Eqn. (6.4)). Std. AED + NLU is the pipeline
system. The top 2 slot types were used for biasing lists. Unseen referred to the SLU-F1 score
measured on entities containing out-of-training-set words.

the SLU task set, and although TCPGen was not intended to directly help intent accuracy,
the classification accuracy was also improved by 1.0% compared to the baseline.

The enhancement in performance of the TCPGen and SPB techniques, as evidenced by
the SLU-F1 metric, can be primarily attributed to their performance in handling previously
unseen entities. In order to elucidate the superiority of SPB when incorporated into TCPGen,
particularly for unseen entities, a distinct SLU-F1 score was computed for those unseen
entities, which constituted 5% of the entities in the entire test set. The optimal a value,
which yielded the highest overall performance, was employed, and the results are presented
in Table 6.2. By integrating SPB into TCPGen, there was a notable improvement of 7.0% in
the F1 score for unseen entities. In contrast to the overall SLU-F1 score, the SLU-F1 score
for these specific entities kept increasing as a increased, as this offered a boost to the recall
rate associated with these entities.

System a SLU-F1 (unseen slots)

Std. AED + NLU N/A 29.7% (0.0%)

Std. SLU N/A 30.1% (0.0%)
+TCPGen 0.0 29.6% (0.0%)
+TCPGen 0.5 42.1% (36.6%)
+TCPGen 1.0 52.0% (50.2%)

Table 6.3 Results on the proposed held-out set with unseen slots. Std. AED + NLU is the
pipeline system. TCPGen SLU in this table used biasing lists of all selected unseen slots.
Unseen slots referred to the SLU-F1 on the unseen slot types only.

Finally, experiments were performed on the new split of SLURP for zero-shot learning,
which had 5 unseen slots in the test sets, and the results are summarised in Table 6.3. For
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systems without SPB, even if the entity was correctly recognised, the model could never
classify it to the slot type that was not covered by the training set. Thus, the SLU-F1 was
dominated by the performance on the training set slot types for those systems. Besides, as
the biasing list here only contained entities from unseen slot types, TCPGen alone was not
helpful for the training set slot types, and only obtained a similar overall performance as
the baseline and the standard end-to-end SLU system. On the other hand, SPB drastically
improved SLU-F1 scores by enabling the slot-filling output to handle entities of unseen
slot types. As before, using the best value found on the validation set, a = 0.5, achieved a
42% relative overall SLU-F1 increase, which also achieved an F1 score of 36.6% on unseen
slots. Furthermore, if the proportion of unseen slots is known to be large, such as in the
cross-domain application scenario, the value of a could be set higher. Eventually, with
a = 1.0, TCPGen with SPB achieved an F1 score of 50.2% on unseen slots.

6.3.3 Summary

This chapter has proposed the use of TCPGen in an end-to-end SLU system. TCPGen
leverages a KB containing entities that were likely to appear in each slot type for contextual
biasing. Besides, slot shortlists (SS) predicted by a class LM were used to obtain a more
focused biasing list. Moreover, slot probability biasing (SPB) was proposed that estimates
slot probabilities from TCPGen to bias the model slot prediction. Experiments on the SLURP
data showed progressive improvements using TCPGen and SPB, with a large performance
improvement in entities with unseen words. Intent detection accuracy was also improved
with TCPGen. Furthermore, TCPGen with SPB achieved zero-shot learning, with an SLU-F1
score of 50% on unseen slot types following the new data split with held-out unseen slots in
this chapter, compared to a zero F1 score for systems without SPB.

However, the clear drawback of SPB is the hand-tuned interpolation factor. With automat-
ically predicted value of the shortcut, the performance was much worse as the SLU output is
fairly confident about its prediction and hence it often ignores any additional information
provided to it. The performance with the best hand-tuned interpolation factor is therefore
brittle and inflexible. Moreover, it is not generalisable to other SLU systems, especially
the nowadays popular sequence generation formulation of SLU. In the next few sections, a
new framework that integrates knowledge using TCPGen into a sequence generation-based
SLU system is described, which also achieves zero-shot learning of unseen entities while
achieving superior performance on rare and unseen entities.
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6.4 KA2G Framework for Slot Filling

6.4.1 Motivation

As manual fine-grained annotation for slot labels is expensive, time-consuming, and usually
requires domain expertise (Casanueva et al., 2022), increasing demands have been put on the
performance of slot-filling systems under few-shot or even zero-shot learning setups (Hou
et al., 2020, Liu et al., 2020b, Henderson and Vulić, 2021). Following the now-prevalent use
of large Transformer-based PLMs (Radford et al., 2019, Devlin et al., 2019, Raffel et al.,
2019) for transfer learning across many NLP tasks, the PLMs have also been widely adopted
in ToD for slot-filling tasks with limited labelled data (Chen et al., 2019a, Henderson and
Vulić, 2021). The reformulation of slot-filling as a sequence generation task further exploits
PLMs in low-data scenarios (Fuisz et al., 2022, Du et al., 2021, Campagna et al., 2020, Lin
et al., 2021b, Namazifar et al., 2020, Liu et al., 2022, Hosseini-Asl et al., 2020, Madotto
et al., 2020). However, all these approaches were purely based on text, where the influence
of ASR on the slot-filling performance on infrequent named entities (e.g., atypical personal,
restaurant or hotel names) is rarely analysed in the context of limited annotated data.

This chapter focuses on a particularly challenging setup which is typically met in produc-
tion: limited annotated data with a multitude of rare entities. To this end, a Knowledge-Aware
Audio-Grounded (KA2G) generative slot-filling framework is proposed and tailored towards
improving the robustness and performance of slot-filling with speech input.

KA2G integrates information from both audio and text as input to a slot-value generator
(SVG) which then generates fillers for each slot in the text modality. That is, the final
generation is also grounded in the audio modality. This mitigates the issues arising from
noisy ASR transcriptions. KA2G particularly boosts the performance of rare and unseen
entities by learning to exploit available external knowledge (e.g., predefined lists of possible
values for slots) via two TCPGen components (see Section 4.3). In short, the first TCPGen is
applied on the ASR side to reduce the ASR errors on the high-valued biasing entities based
on the context. The second TCPGen is applied on the SVG side to bias the generator’s output
using sub-trees which contain branches on the prefix-trees that are traversed during the ASR
beam search. The entire KA2G model is jointly optimised in an end-to-end fashion from the
input-speech-‘end’ to the generated slot-value-‘end’.

6.4.2 Model Structure

The KA2G framework illustrated in Fig. 6.3 comprises the following three key parts:
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Audio

Slot-value Generator (SVG)
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Launch super mario <s>

Align hdec and hPLM
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Fig. 6.3 The KA2G framework for slot filling. Its three key components are indicated by the
labels (A), (B) and (C) and described in Section 6.4. The example in the figure shows that
the first pointer generator network (TCPGenASR) traverses branches of mario and rihanna,
which are then included in sub-trees. This branch is then further used by another generator
network (TCPGenSVG) when generating slot values.

(A) The audio-grounded SVG module that combines output representations from the ASR
module and the text-only PLM.
(B) The knowledge-aware ASR component that integrates external knowledge into KA2G
via the first TCPGen (TCPGenASR).
(C) The knowledge-aware SVG further that integrates knowledge explored during the ASR
beam search via the second TCPGen (TCPGenSVG).

Each component is described in the following Sections 6.4.2.1 to 6.4.2.3 respectively.

6.4.2.1 Audio-Grounded SVG

The audio-grounded SVG module, one of the key components of KA2G, comprises (i) an
ASR model, (ii) a causal PLM, (iii) an alignment module, and (iv) the SVG; see the right
side of Fig. 6.3. The SVG is implemented as a single-layer unidirectional LSTM which takes
the concatenated vectors from the ASR module and the PLM as the representation of the
context to make predictions for the value with a given slot query. The LSTM architecture
is chosen for SVG here for simplicity and increased stability in low-resource setups, and to
avoid over-parameterisation since both ASR and PLM have complex model structures with
millions of parameters. The ASR model is an attention-based encoder-decoder (AED) where
the decoder hidden states, hdec, are sent to the SVG.
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As the label space for the PLM is overly sparse for the ASR model, the ASR model uses
a much smaller set of subword tokens than the PLM, and hence the sequence of ASR hidden
states and the sequence of PLM output vectors hPLM will be asynchronous. To resolve this
(mis)alignment issue, the output of the SVG is first set to have the same subword tokens as
the ASR model, which helps to make the best use of the acoustic information. The PLM
outputs are then taken per each (full) word instead of every subword at the ending of a
word and aligned with hdec at each ending subword before concatenation. For non-terminal
subwords, zero-vector padding is used as placeholders for the PLM outputs. In this way, the
alignment of hdec and hPLM are aligned at word ends, and using the same subwords for ASR
and PLM is not necessary. Moreover, for a slot query which prompts the generation (e.g. the
person is or the game name is, see Fig. 6.3) which does not have any corresponding
input audio, the embedding of the preceding wordpiece is used instead of hdec. An example
of this alignment is shown in Fig. 6.4.

Launch super mario <s>

La un ch_ super_ ma ri o_ <s> ga me_ name_ is_

game name is
hPLM hdec wordpiece emb. zero vec.

Fig. 6.4 An example of aligning hPLM and hdec.

The SVG is trained in an end-to-end manner by jointly optimising the ASR and SVG
criteria:

Ljoint = LASR +LSVG, (6.5)

where the respective sub-losses are defined as

LASR = log P(y1:n|x1:T ), (6.6)

LSVG = log P(s1:m|q1:k,x1:T )

= log (Ey1:n [P(s1:m|y1:n,q1:k,x1:T )])

⇡ log P(s1:m|q1:k,hdec,hPLM) (6.7)

Here, y1:n is the subword ASR sequence and x1:T is the sequence of acoustic features. The
second loss, LSVG, which is expressed as the expectation over all possible ASR hypotheses,
is approximated by the decoder hidden states of the ASR module. The slot query q1:k

containing the slot type information is also encoded by the PLM. As the SVG operates on a
different set of subwords, these PLM encodings are fed into the SVG at word ends, similar to
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the aforementioned encoding of the context, to generate the value sequence s1:m (e.g., super
mario). In order to allow the model to also handle predictions for slots not present in the
utterance, Nn (randomly sampled) slots that are not mentioned in the context are incorporated
in training as negative examples, where Nn is a hyper-parameter. The model should learn to
generate None values for the ‘non-present’ slots.

During inference, hPLM is obtained by feeding the 1-best ASR hypothesis to the PLM.
The same context is prompted with all possible slot types, and those that do not output a
None value are saved. For multi-turn ToD, the dialogue history is encoded by the PLM before
the start of the current context.

6.4.2.2 Knowledge-Aware ASR

The knowledge-aware ASR part is essentially the AED ASR model with TCPGen described
in Section 4.3, in conjunction with slot shortlist prediction from Section 6.2. External
knowledge is organised as a dictionary of slots along with the possible values per slot to form
a knowledge base (KB). The KB conditions ASR via contextual biasing using TCPGenASR

(as shown in Fig. 6.3). In slot filling, possible named entities for each slot type can be
collected to form a structured KB, and the biasing list can be extracted from the KB. TCPGen,
as described in previous chapters, is used for contextual biasing in the knowledge-aware
ASR module. An example of a prefix tree is shown on the left side of Fig. 6.3. During
ASR decoding, a set of valid wordpieces is obtained by searching the prefix tree with the
decoded preceding wordpieces. Then, scaled dot-product attention is performed to obtain
the TCPGenASR distribution Pptr(yi) as described in Eqn. (4.1). The key and value vectors
are the graph convolutional network (GCN) node encodings (Kipf and Welling, 2017), as
described in Section 5.3.2 of corresponding subwords on the prefix tree. The generation
probability is calculated using the decoder hidden state and the weighted combination of
node encodings from the attention. The final interpolation is computed as Eqn. (4.3).

Possible entities for each slot are structured as prefix trees separately; see Fig. 6.3. To
have a more focused biasing list, instead of using all slots, the slot shortlist method described
in Section 6.2 is also adopted here. Moreover, as the generation probability Pgen provides
the indication of how much contextual biasing is needed to decode each subword token, it
is concatenated with hdec and sent to the SVG to further indicate where in the context the
knowledge has been used. TCPGenASR is jointly optimised with the SVG module.
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6.4.2.3 Knowledge-Aware SVG

Information about alternative hypotheses is an essential resource that can be obtained from
the ASR system, especially for rare named entities. To exploit the knowledge available in
the additional ASR hypotheses, the knowledge-aware SVG module is proposed: it extracts
branches on each prefix-tree during ASR beam-search decoding and forms sub-trees to be
used by TCPGenSVG (as shown in Fig. 6.3) to integrate knowledge into SVG.

In particular, as each prefix-tree used in the ASR beam search decoding is searched, a
valid path that leads from the root node S to a leaf node will be saved, which corresponds
to a valid named entity belonging to that slot type. After decoding, the lists of entities
corresponding to the valid paths found for each slot are gathered and organised into prefix-
trees that are essentially sub-trees of the original trees. Following this, sub-trees are encoded
using the same GCN as in 6.4.2.2 and are searched when generating slot values in the same
way as with TCPGenASR. For TCPGenSVG, the query comes from the SVG hidden state at
each decoding step, and keys and values are taken from the node encodings on the sub-trees.
In this way, possible entities that are not covered by the 1-best hypothesis but are explored in
the ASR beam search can be effectively used via the copy mechanism in SVG.

6.5 Experiments to Evaluate KA2G

6.5.1 Experimental Setup

6.5.1.1 Training and Evaluation Data

Experiments were performed on two structurally different speech-based English ToD datasets.
The first dataset was SLURP which was explained in detail in Section. 6.3. Experiments
were run in two data setups. 1) The official training, validation and test split was used
and following Arora et al. (2022a) where synthesised audio was also used for training. 2)
Zero-shot setups following the data split in Section 6.3 were adopted here: in training, all
utterances containing entities of five randomly selected ‘unseen’ slots were held out and were
used for testing.

Experiments were also performed on an industry dataset, termed CONCIERGE. This
was a multi-turn dialogue dataset obtained from a commercial system provided by PolyAI
Ltd, and it represented a standard and challenging few-shot learning setup typically met
in production. The dataset contained a collection of 8 kHz noisy phone-call conversations
of real customer interactions with a concierge voice bot covering the restaurant, shop
and bar domains. The audio was upsampled to 16 kHz to match the ASR model. Example
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U: I wanted to make a reservation for a restaurant 

U: It’s called Alder and Birch

U: Thank you.

Restaurant name: None 
Shop name: None 
Bar name: None

Restaurant name: Alder and Birch 
Shop name: None 
Bar name: None

Restaurant name: Alder and Birch 
Shop name: None 
Bar name: None

U: Can I speak to Sushi Koya

U: No

U: Can I speak to Lux Bond and Green

Restaurant name: Sushi Koya 
Shop name: None 
Bar name: None

Restaurant name: Sushi Koya 
Shop name: None 
Bar name: None

Restaurant name: Lux Bond and Green 
Shop name: None 
Bar name: None

Fig. 6.5 An example dialogue from the
CONCIERGE dataset along with the state
tracking labels. The slot filling label for
the restaurant name in the last turn is None

U: I wanted to make a reservation for a restaurant 

U: It’s called Alder and Birch

U: Thank you.

Restaurant name: None 
Shop name: None 
Bar name: None

Restaurant name: Alder and Birch 
Shop name: None 
Bar name: None

Restaurant name: Alder and Birch 
Shop name: None 
Bar name: None

U: Can I speak to Sushi Koya

U: No

U: Can I speak to Lux Bond and Green

Restaurant name: Sushi Koya 
Shop name: None 
Bar name: None

Restaurant name: Sushi Koya 
Shop name: None 
Bar name: None

Restaurant name: Lux Bond and Green 
Shop name: None 
Bar name: None

Fig. 6.6 Another example dialogue from the
CONCIERGE dataset along with the state
tracking labels. The user changed the goal
in the third turn.

dialogues from CONCIERGE can be found in Fig. 6.5 and 6.6. Some dataset statistics are
given in Table 6.4. Each entity in the test set had only 1 to 5 occurrences in the training
portion of the dataset.

Split # Turns # Dialogues Time (hours)

Train 1934 829 3.17
Valid 212 97 0.36
Test 428 225 0.86

Table 6.4 Statistics of the CONCIERGE dataset.

6.5.1.2 Model Specifications

The ASR model used an encoder with 16 Conformer blocks (Gulati et al., 2020) with a 512-
dim hidden state and 4-head attention, a 1024-dim single-head location-sensitive attention
and a 1024-dim single-layer unidirectional LSTM decoder. The input signals were 80-dim
FBANK and a suffix-based unigram WordPiece model (Whittaker and Woodland, 2000,
Kudo, 2018) with 600 distinct WordPieces was used for the output.

GPT-2 (Radford et al., 2019) with 768-dim output representations was used as the
causal PLM in all experiments. Both TCPGen components adopted one 256-dim single-head
attention layer and a two-layer 256-dimensional GCN was used with the input node encodings
being the WordPiece embeddings of the ASR decoder, based on the same setup as Section
6.3. The dimensions of the SVG and projection layers in TCPGen were all determined by
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the mentioned dimensionalities. The CLM used to predict a shortlist of slots for SLURP
experiments was a single-layer 2048-dim LSTM.

The proposed KA2G framework was compared to a pipeline system, which used the
same ASR model to get the 1-best hypothesis as input text to the GPT-2 model to perform
slot-value generation. The GPT-2 model was finetuned in the same way as KA2G.

6.5.1.3 Training and Inference Specifications

The ASR AED models, together with the ASR-TCPGen component, were pretrained for
20 epochs on LibriSpeech’s 960-hour English audiobook data following Section 6.3. When
training SVG (see 6.4.2.1), Nn = 10 negative ‘non-present’ slots were randomly chosen and
added for each utterance in SLURP, and Nn = 3 for CONCIERGE. Experiments were trained
on a single A100 GPU.

Both TCPGen components were trained in the same way as in Section 6.3, where a full
biasing list was first defined for each dataset, and the biasing list for each utterance was
organised by selecting biasing entities in the reference transcription and adding a certain
number of distractors following Le et al. (2021a). For SLURP, lists of slot values/entities in
the data were first categorised into their corresponding slots to form the KB. The full biasing
list was defined by selecting entities in the KB with fewer than 30 examples in the training
set, which also included unseen entities. There are altogether 5,000 biasing entities. For
TCPGenASR, the number of distractors was randomly picked between 100 and 200, whereas
for TCPGenSVG, 20 distractors from the same slot type were used, which was closer to
the size used in inference. The random dropping of the reference biasing entities was also
applied to TCPGenSVG. The same full biasing list selection criterion, as well as the training
procedure for TCPGen, was applied to the CONCIERGE data.

During inference, a beam size of 30 was used for ASR decoding following prior work.
For SLURP, entities in the KB with fewer than 30 examples in training were used as biasing
entities, and the CLM predicts the top 2 slot types at each word boundary. For the zero-shot
learning setup on SLURP, the biasing list with 2k entities included all entities in the unseen
slots since they were all unseen entities, and were used as a whole during inference, as the
CLM could not predict unseen slot types. For few-shot learning on CONCIERGE, all entities
in the test set were included in the biasing list since they all appeared less than 5 times, which
formed a biasing list of 105 entities. Since this was a much smaller biasing list, the entire list
was used without CLM prediction. Entities that appeared less than 5 times are referred to
as few-shot entities. For the CONCIERGE data, all biasing entities were few-shot entities.
Unless stated otherwise, greedy decoding was used for SVG.
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6.5.1.4 Evaluation Metric

ASR models were evaluated using the standard WER measure. For slot filling, the SLU-F1
(Bastianelli et al., 2020) and the micro Entity-F1 scores were used to measure performance,
offering insights into both word-level and character-level F1 scores. Moreover, for multi-turn
dialogues, JGA was reported: it counted a turn as correct only if all slots in the dialogue state
were correctly filled in that turn.

6.5.2 Results and Discussion on SLURP

System WER (%) # Overall SLU-F1 (%) "

Pipeline 12.7 79.2 (73.0)
Audio-grounded SVG 12.5 79.6 (73.9)

Pipeline + Contextual ASR 12.4 79.7 (73.7)
Full KA2G 12.1 80.6 (75.1)

Table 6.5 WER, SLU-F1, and Entity-F1 (in parentheses) scores on SLURP. F1 scores were
measured for all entities (Overall). Pipeline represented the pipeline system using the same
AED-based ASR model to get the 1-best hypothesis, followed by GPT-2 for the slot-value
generation. Contextual ASR used TCPGenASR in the pipeline system.

System 0 < f < 30 (%) 0 < f < 5 (%) f = 0 (%)

Pipeline 72.4 (69.5) 69.2 (69.1) 21.1 (7.2)
Audio-grounded SVG 74.3 (71.8) 72.2 (71.9) 20.9 (6.5)

Pipeline + Contextual ASR 73.5 (70.2) 70.8 (70.5) 24.5 (9.8)
Full KA2G 75.7 (73.4) 73.8 (73.7) 32.3 (18.6)

Table 6.6 WER, SLU-F1, and Entity-F1 (in parentheses) scores on SLURP. F1 scores were
measured for biasing entities (occurrence frequency f < 30), few-shot entities ( f < 5) and
unseen entities ( f = 0). Pipeline represented the pipeline system using the same AED-based
ASR model to get the 1-best hypothesis, followed by GPT-2 for the slot-value generation.
Contextual ASR used TCPGenASR in the pipeline system.

The results on SLURP were summarised in Table 6.5 and Table 6.6. The scores revealed
that, compared to the pipeline system, using the audio-grounded SVG model (Row 2 in
the table) achieved better performance overall, with much better scores on biasing entities
(i.e., their occurrence frequency was 0 < f < 30) and few-shot entities (0 < f < 5). Similar
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improvements from audio-grounding were observed when comparing the full KA2G frame-
work to the pipeline system with a contextual ASR using TCPGen. Overall, KA2G achieved
a 1.4% absolute SLU-F1 increase compared to the baseline pipeline system, with a 4.6%
SLU-F1 improvement on few-shot entities and an 11.2% SLU-F1 improvement on unseen
entities. This indicated that audio grounding helped the system to better deal with few-shot
entities as long as at least some examples were exposed to it. Furthermore, similar to Le
et al. (2022), the model was also able to generate entities that were incorrectly recognised by
ASR: for the audio-grounded system, 10% of the correctly filled entities were not correctly
recognised by the ASR system, whereas that ratio was only 3% for the pipeline system.

launch super mario 
lunch super mario 
meal_type: lunch 
game_type: super mario 
game_type: super mario

Reference transcription: 
ASR transcription: 
Slot-value (Pipeline): 
Slot-value (Audio-grounding): 
Slot-value (Ground truth):

Reference transcription: 
ASR transcription: 
Slot-value (Pipeline): 
Slot-value (Audio-grounding): 
Slot-value (Ground truth):

……song from the album abbas  
……song from the album abs 
music_album: abs  
music_album: abbas 
music_album: abbas

Case 1:

Case 2:

Fig. 6.7 Two examples of utterances from SLURP where audio-grounding helps slot filling.

Two example cases where the pipeline system and audio-grounded SVG have the same
ASR output are shown in Fig. 6.7. In Case 1, while the semantic meaning of “launch” and
“lunch” was completely different, their pronunciations were similar. Therefore, “lunch” as
an ASR error confused the pipeline system to produce the wrong slot type and value, which
was not fixable in the SVG part since the audio information was lost in the pipeline system.
However, with audio-grounding, the pronunciation similarities of “launch” and “lunch” could
be considered by the SVG with the strong GPT-2 based PLM, which therefore successfully
directed the model to look at the correct entity.

In Case 2, although “abs” was in the ASR output, the ASR was uncertain about this
prediction and “abbas” also had a high ASR score. Therefore, while both systems were
able to fill the correct slot type, the audio-grounded SVG was able to replace the entity with
the one seen in the training set that had similar pronunciation. This also explained why the
pipeline-based baseline performed slightly better than the audio-grounded SVG baseline on
unseen entities (see the last column of the first two rows in Table 6.6).

When TCPGenASR was used (Row 3 in the table), the main performance boost of the
system was due to a better WER. The improvements in WER and F1 scores were mainly on
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biasing and unseen entities as those were included in the biasing list for TCPGen. Finally,
the full KA2G framework achieved higher overall F1 scores compared to the pipeline system,
and particularly prominent gains were observed on few-shot entities and unseen entities.
Moreover, benefiting from multi-task training, KA2G achieved a lower overall WER: this
reflected the fact that the slot-filling task could positively impact the ASR performance.
Further, note that the WER on words in the biasing entities was similar to that of the pipeline
system: this indicated that the gain with KA2G on low-frequency entities did not only come
from improved ASR.

6.5.2.1 Comparison to Baseline from Prior Work

The baseline pipeline system with the overall SLU-F1 score of 79.2 was taken from the best
system in Table 6.1. Further, Arora et al. (2022b) adopted a sequence labelling approach,
where an overall SLU-F1 score of 78.0 was reported on SLURP (cf., 80.6 reported with
KA2G in Table 6.5). Note that the work of Arora et al. (2022b) used the more powerful
WavLM pretrained speech representations (Chen et al., 2022), resulting in a much lower
WER of 9% with an Entity-F1 of 75.7. Concerning generation-based slot filling systems,
Wang et al. (2021) achieved a score of 78.9 using a sequence generator with wav2vec 2.0
representations.

6.5.2.2 Few-Shot Versus Zero-Shot
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Fig. 6.8 SLU-F1 (%) over different training set occurrence frequencies for entities in SLURP.
Overall SLU-F1 scores were also provided as horizontal lines.

The preliminary comparison of results between few-shot and unseen entities from Ta-
ble 6.5 already revealed that even when only provided a handful of examples the model
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was able to achieve a large leap in performance. To provide more insights, a finer-grained
frequency bin analysis was conducted on SLURP as shown in Fig. 6.8. The scores revealed
that there was a very large increase in SLU-F1 after only providing a single sample for an
entity (i.e., moving from zero-shot to one-shot), increasing scores from ⇠30 to ⇠70: This
corroborated the major benefits of few-shot learning over zero-shot learning (Lauscher et al.,
2020). Fig. 6.8 again validated that KA2G provided improvements over the baseline system
in such low-resource scenarios.

6.5.2.3 Ablation Study

System Overall (%) 0 < f < 5 (%) f = 0 (%)

KA2G framework 80.6 (75.1) 73.8 (73.7) 32.3 (18.6)
without TCPGenSVG 80.6 (74.7) 73.6 (73.5) 27.5 (8.1)
without TCPGenASR 79.7 (74.3) 72.5 (72.3) 27.4 (13.5)
without TCPGenSVG and Pgen input 80.2 (74.5) 73.1 (73.0) 24.4 (7.5)
without TCPGenSVG and TCPGenASR 79.6 (73.9) 72.2 (71.9) 20.9 (6.5)

KA2G framework + SVG beam search 80.6 (75.2) 74.2 (74.1) 32.4 (18.8)
without TCPGenSVG and TCPGenASR 79.6 (73.9) 72.6 (72.2) 21.1 (7.2)

Table 6.7 An ablation study on SLURP based on SLU-F1 (Entity-F1 in parentheses). The
first row referred to the complete KA2G framework, and each subsequent row represented
removing the corresponding components.

The results of the KA2G ablation experiments are given in Table 6.7, where the last
row in the table corresponded to the system which uses the audio-grounded SVG (i.e., the
second row in Table 6.5). By removing the TCPGenSVG, the most significant change was
the decrease in performance on unseen entities, especially in terms of Entity-F1. When
TCPGenSVG was included, the SVG was fully guided by the biasing entities, and hence the
model was more likely to predict complete entities. This observation was also found by
comparing the system without TCPGenASR to the system without TCPGenSVG. Moreover,
since the WERs for unseen entities were much higher for the 1-best hypothesis, extracting
information from alternative hypotheses was much more useful for unseen entities.

While TCPGenASR contributed to the performance improvement, the use of the copy
probability Pgen also contributed to the improvement, especially for rare and unseen entities,
as it provided the indication of where knowledge had been used. This was particularly useful
when the entity was correctly recognised but SVG was not able to generate it due to not
seeing enough examples.
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The beam search can be performed for both ASR and SVG. For ASR, it was found that a
higher beam size only yielded very marginal improvements in WER, while taking significantly
more time for decoding. From the perspective of the biasing lists for TCPGenSVG, in the
one-best hypothesis, only 50% of entities could be found. With a beam size of 30, 70% of
entities were covered in the biasing lists for TCPGenSVG, which was the main source of
improvement for TCPGenSVG. However, this was only improved by 2% using a beam size of
100, whereas the average size of the biasing lists increased from 10 to 15 which introduced
more noise into the biasing lists. Therefore, a beam size of 30 was used for the rest of the
experiments. On the SVG side, beam search only provided a marginal improvement, but
the time for decoding was 4–5 times longer as the lengths of alternative slot values were in
general longer than None.

6.5.2.4 Impact of Training Data Size

The impact of the SLURP training data size on the performance of few-shot entities was also
studied. To this end, the 2.6k utterances which contain few-shot entities were retained while
the rest of the training set was subsampled to a certain proportion. These subsets were then
used to train the pipeline system and the full KA2G framework. The same training subset
was used to train the ASR model (with TCPGen). The results are shown on the left part
of Fig. 6.9. An additional experiment, where the ASR module was first trained on the full
training set to maintain the same ASR performance is shown on the right part of Fig. 6.9.
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Fig. 6.9 SLU-F1 on few-shot entities when subsampling the part of the training set not
containing few-shot entities. (a). The ASR component in the pipeline and KA2G systems
were trained on the same subset. (b). The ASR was first trained on the full SLURP training
set but SLU was only trained on the selected subset, where WER for all points is ⇠ 13%.

Note that reducing other training data did have a strong impact on SLU-F1 scores of few-
shot entities despite the fact that the utterances covering those entities were fully retained. The
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full KA2G again consistently outperformed the baseline system across different training data
sizes. The performance degradation with the degree of subsampling was even smaller with
the ASR module trained on the full data, indicating the SVG module was more competent in
few-shot learning than the ASR module.

6.5.2.5 SLURP: Zero-Shot Setup

The results of the zero-shot setup are summarised in Table 6.8. The WER for the zero-shot
learning test set was 18.0% for ASR without TCPGen, which decreased to 16.9% for the
KA2G. Compared to the pipeline system, KA2G achieved worthwhile improvements both in
SLU-F1 and Entity-F1 scores. Therefore, KA2G provided an effective way of leveraging
knowledge for zero-shot slot filling by bridging the SVG and ASR alternative hypotheses via
a neural shortcut.

System SLU-F1 (%) Entity-F1 (%)

Pipeline 10.1 3.7
KA2G framework 23.7 12.9

w/o TCPGen 9.3 3.0

Table 6.8 SLU-F1 and Entity-F1 scores for unseen slots under the zero-shot learning setup
on SLURP.

Note that the audio-grounded SVG module in KA2G alone was inherently able to handle
zero-shot slot types as the slot types were fed into the model via natural language queries.
Although the zero-shot performance of KA2G was slightly worse than the performance in
Table 6.3, the way KA2G handled zero-shot entities in a full neural way did not require any
manual settings of hyper-parameter. KA2G with TCPGen can be regarded as a more robust
zero-shot learning framework.

6.5.3 Results and Discussion on CONCIERGE

6.5.3.1 Single-Turn Evaluation

The CONCIERGE dataset was used to validate the proposed KA2G framework in a real-
world use case, and the results were discussed as follows. The WER on this test set was
⇠35% due to limited audio data for training, which made the slot-filling task with speech
input on CONCIERGE even more challenging. Single-turn evaluation was first performed,
with the same metrics as on SLURP. The results were provided in Table 6.9.
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System SLU-F1 (%) Entity-F1 (%)

Pipeline 37.2 26.9
KA2G framework 56.6 42.5

w/o TCPGen 41.9 29.3

Pipeline zero-shot 1.6 1.6
KA2G zero-shot 12.4 2.6

Table 6.9 SLU-F1 and Entity-F1 scores on CONCIERGE. Zero-shot results were obtained
by removing dialogues containing test set entities from training.

For the challenging CONCIERGE dataset, external knowledge now played an even more
important role, which led to much higher performance improvements with the KA2G frame-
work. As with SLURP, having a few examples for entities yielded much better performance
than zero-shot learning: put simply, providing a handful of examples in the training set
resulted in huge performance improvements. This again corroborates the fact that although
zero-shot learning was an attractive research problem, few-shot learning was often more
pragmatic for industrial applications, also when using generative systems such as KA2G.

6.5.3.2 Multi-Turn Evaluation

For multi-turn experiments, entity mapping was applied in order to group different expres-
sions of the same entity together. Further, the ASR 1-best hypothesis from the history of user
inputs was included as input to the PLM. The JGA scores were summarised in Table 6.10. It
was observed that large improvements were obtained with the full KA2G, which were mostly
due to the use of the TCPGen component.

System JGA (%)

Pipeline 21.0
KA2G framework 41.5

w/o TCPGen 24.3

Table 6.10 JGA on the CONCIERGE dataset with multi-turn dialogue state tracking.

6.5.4 Conclusion

Sections 6.4 and 6.5 introduced the knowledge-aware audio-grounded (KA2G) generative
slot-filling framework for speech-based ToD. The framework is especially suited for low-
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resource slot-filling tasks and for handling rare and unseen entities/values. KA2G comprises
an audio-grounded SVG, together with two TCPGen components. The first TCPGen inte-
grates knowledge from an external knowledge base containing possible entities for all slots
into ASR, while the second TCPGen exploits entities found in alternative ASR hypotheses.
Comprehensive evaluations have been performed on two different datasets with speech input:
i) single-turn SLURP data and ii) multi-turn CONCIERGE data obtained from a commercial
ToD system. It empirically validated the usefulness of KA2G on both datasets, with clear
performance gains achieved over current state-of-the-art systems. It was also verified that
KA2G is especially useful in few-shot and zero-shot setups.

6.6 Summary

The key findings and contributions described in this chapter are summarised as follows:

• The tree-constrained pointer generator (TCPGen), as a neural contextual biasing
component, was extended to be applied to spoken language understanding (SLU) tasks,
especially for slot filling.

• A more focused biasing list was obtained by leveraging the structured knowledge base
(KB) associated with the slot filling task. Slot shortlists (SS) could be predicted by
a class LM (CLM) and possible named entities associated with each slot type were
gathered together to form the focused biasing list.

• For tagging-based SLU systems, a slot probability biasing (SPB) mechanism was inte-
grated at the SLU output which transformed the TCPGen distribution into a distribution
over slot types.

• TCPGen with SS and SPB for tagging-based SLU systems achieved significantly better
performance on the SLURP dataset measured by SLU-F1, especially on rare and
unseen entities. Moreover, SPB achieved zero-shot slot filling for unseen slot types
with a manually adjusted interpolation factor for biasing.

• For sequence generation-based SLU, a knowledge-aware audio-grounded (KA2G)
generative slot-filling framework was proposed, which contained an ASR module and
a slot-value generation (SVG). The SVG module took vector outputs from the ASR
module as inputs and generated the slot values in natural language according to natural
language queries for a specific slot type. This inherently handled unseen slot types.
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• A stacked TCPGen was proposed in KA2G where one TCPGen was integrated into the
ASR module and another, sharing the same tree encoding parameters, was integrated
into the SVG module. The TCPGen at SVG integrated knowledge explored in the
ASR beam search procedure and achieved much better performance on rare and unseen
entities and slot types.

In general, TCPGen has the potential to serve as an explicit knowledge integration
component in any language understanding task. In particular, the stacked TCPGen mechanism
is generally applicable to any language understanding task involving the speech modality,
such as spoken question answering, audio captioning and summarization, etc. In the era where
large LMs (LLMs), such as ChatGPT and GPT-4 are dominating techniques which have been
found to be deficient in factual and dynamically changing external knowledge, TCPGen-
type knowledge integration has the potential to serve as an alternative and complementary
knowledge integration component in addition to in-context learning. Moreover, explicit
knowledge integration also enjoys the benefit of improved interpretability, controllability and
reliability than any other implicit integration approach for language understanding.



Chapter 7

Conclusions and Future Work

This thesis focuses on contextual knowledge integration in end-to-end automatic speech
recognition (ASR) and spoken language understanding (SLU) tasks. The thesis began with
the introduction to deep learning in Chapter 2, with various building blocks explained,
followed by the introduction to end-to-end ASR and SLU systems in Chapter 3. Then, the
novel tree-constrained pointer generator (TCPGen) component was introduced in Chapter
4 together with dedicated training and decoding algorithms for ASR tasks. In Chapter 5,
TCPGen was further equipped with graph neural network (GNN) prefix-tree encodings
to achieve better performance in ASR. TCPGen was also integrated into SLU systems in
Chapter 6. Based on all the aforementioned contributions, this chapter provides a summary
of key conclusions drawn from this thesis and offers promising prospects for future work.

7.1 Conclusions

End-to-end ASR and SLU systems often suffer from the “long-tailed words" problem.
Contextual biasing aims at addressing this problem by integrating dynamic contextual
knowledge carrying information about those rare words that are likely to appear in a given
context into the static end-to-end systems. This thesis discusses how such dynamic contextual
knowledge is effectively integrated via the TCPGen component.

Chapter 4 introduced TCPGen as a neural biasing component. In contrast to other pre-
existing methods, TCPGen combines the advantage of shallow fusion and deep biasing by
building a neural shortcut that directly modifies the model output distribution while being
end-to-end trainable and aware of the hidden states from various parts of the ASR system.
TCPGen leverages a prefix tree to structure the biasing list, which achieves high efficiency
in handling biasing lists containing thousands of words or phrases. As a generic biasing
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component, TCPGen has been successfully integrated into the attention-based encoder-
decoder (AED) model and the recurrent neural network transducer (RNN-T) model.

The minimum biasing word error (MBWE) training algorithm for training was also
proposed together with the biasing-word-driven language model discounting (BLMD) method
for inference. BMWE directly optimises the expected word error rate, with a particular focus
on the errors in the biasing words. BLMD takes care of the TCPGen distribution separately
from the original model distribution with a different set of hyper-parameters for discounting.

In Chapter 4, experiments were performed on the LibriSpeech audiobook corpus and the
augmented multi-party interaction (AMI) meeting corpus following the validated simulation
of contextual biasing on open datasets (Le et al., 2021a). TCPGen was also evaluated
on the DSTC spoken dialogue corpus as a realistic task formulation by extracting biasing
list from the ontology of a spoken dialogue system. TCPGen achieved consistent and
significant performance improvements in WER and, in particular, rare word error rate (R-
WER) across all datasets. MBWE and BLMD each further improved the relative performance
improvements of TCPGen for all datasets, and by applying them together, TCPGen achieved
around 50% R-WER reduction on the LibriSpeech test-clean and test-other sets using a
biasing list of 1000 words.

TCPGen was further examined with universal ASR models trained on hundreds of
thousands of hours in conjunction with large language models (LLM) in Chapter 4 by
taking Whisper and GPT2 as examples. TCPGen has been configured as a distribution-level
adaptation component together with a dedicated training scheme for Whisper that does
not require any parameter fine-tuning of the Whisper model. In this way, TCPGen can be
treated as a portable and flexible neural component that can be easily applied to any future
universal speech model. Experiments on LibriSpeech, SLURP and DSTC data showed
consistent performance gains over the original unbiased Whisper model, and the performance
improvement is more significant with domain-specific data including SLURP and DSTC.

In Chapter 5, TCPGen was further improved by encoding the prefix tree with GNNs.
GNNs exploit the tree structure used for biasing lists in TCPGen and provide the lookahead
functionality where the information on the branches rooted from a specific node is also
encoded into that node encoding. This enables a better contextualised TCPGen distribution
and generation probability to be predicted, which foresees a potential biasing word as early
as the first wordpiece of that word.

Three different types of GNN structures were explored in Chapter 5, including the
tree recursive neural network (Tree-RNN), the graph convolutional network (GCN) and
graphSAGE with a max-pooling aggregator. While Tree-RNN encodes the tree using a single
layer of recursive operations, the other two methods encode the tree using multiple layers
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of convolution operations. GCN adopts the spectral approach by using the graph Laplacian,
whereas GraphSAGE follows the spatial approach by directly exploiting the local graph
connections. Furthermore, a combination of the two complementary GNN structures, GCN
and GraphSAGE, was also introduced in Chapter 5.

In addition to the aforementioned contextual ASR setups, an innovative audio-visual
contextual ASR pipeline was also proposed in Chapter 5 using the AMI meeting corpus.
The contextual knowledge in this pipeline is extracted from presentation slides associated
with each meeting via optical character recognition (OCR) tools, and then is organised into
biasing lists to be integrated using TCPGen. This setup demonstrated the potential benefits
of applying contextual biasing, especially TCPGen, in various academic and educational
scenarios where papers, posters or presentations are available.

Experiments on the previous contextual ASR tasks, as well as the audio-visual contextual
ASR pipeline, show consistent and significant performance boosts using GNN encodings
compared to the vanilla TCPGen component. The combination of two GNN encodings
achieved the best performance across all evaluated tasks.

In Chapter 6, TCPGen was further introduced into end-to-end SLU systems. It is both
natural and necessary to include contextual biasing for the SLU system as it often involves
rare but crucial named entities. A structured knowledge base (KB) for each SLU task is
usually easily available by gathering all possible entities for each type of slot, and a focused
biasing list can be extracted using the structured KB.

Particularly focusing on the slot-filling task, TCPGen was integrated into both the tagging-
based SLU system and the sequence generation-based SLU system. For both systems, the
slot shortlist (SS) method was proposed which predicts a shortlist of possible slot types given
the decoded history tokens using a class LM (CLM), and the shortlist of slot types used
to organise the focused biasing list from the KB. For the tagging-based SLU system, the
slot probability biasing (SPB) method was also proposed which transforms the TCPGen
distribution into a distribution over slot types to be interpolated with the original slot-filling
output in the same way as the pointer generator. SS and SPB together improve the SLU
system on the SLURP data, especially on rare and unseen entities. SPB also enables the
tagging-based system to handle unseen slot types and hence achieves zero-shot learning.

The integration of TCPGen into the sequence generation-based SLU system led to a
knowledge-aware audio-grounded (KA2G) generative slot-filling framework, which com-
prises one slot value generation (SVG) module and two stacked TCPGen modules sharing the
same tree encodings on the ASR and SVG sides respectively. The SVG module is inherently
able to handle any unseen slot types as the slot is sent to the SVG via natural language queries
and the slot value is also generated in natural language. The TCPGen on the ASR side is
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used in the same way as the TCPGen in the tagging-based system, while the TCPGen on the
SVG side can be regarded as taking sub-trees explored by the beam search procedure during
decoding as the most likely knowledge to bias the generation. Experiments performed on the
SLURP dataset and an industry data set termed CONCIERGE demonstrate the superiority of
KA2G over a strong pipeline system as well as end-to-end generation-based systems without
TCPGen. KA2G is particularly beneficial for few-shot learning where only a handful of data
samples are provided, which is a desired characteristic for industry case.

7.2 Future Work

One of the biggest challenges that have confronted almost all deep learning research is the
emergence and prevalence of large LMs, such as ChatGPT. Despite remaining debatable
whether this technology and route of future development will lead to a true form of artificial
intelligence, it is clearly a powerful tool that is revolutionising human-computer interaction,
and the expected performance for conversational AI systems.

There are two weaknesses of LLMs that are relevant to my future work that have been
observed, and where my future work will be focused. One of the drawbacks is the ability to
take into consideration the dynamically changing factual knowledge. LLMs tend to generate
false facts confidently that will misguide the user, e.g. if you ask it to generate the author list
of a paper. Such dynamic knowledge could arguably be injected via “in-context learning",
where knowledge, such as the biasing list, is converted into an entire long string used as the
context of the user’s query. The context and the query can be concatenated together before
sending it to the LLM. Although it mitigates this problem, it is less explicit, less controllable
and less reliable compared to methods such as the TCPGen in the slot-value generator for
SLU in Section 6.4.

Another challenge for LLMs is their perception across different modalities. LLMs, as is
the case for standard LMs, are usually trained on text only and can only deal with text. Recent
advancements in GPT4 and Flamingo (Alayrac et al., 2022) have developed a visual LM
capability that generates text based on visual input, combining visual and text modalities and
yielding state-of-the-art performance. On the other hand, models that combine both visual
and audio modalities are still missing, especially with an explicit knowledge integration
component.

Based on the aforementioned challenges, there are two directions that I plan to investigate
in future, as a continuation of my PhD work:

• Following the concept of the KA2G framework and the application of TCPGen in
Whisper, it is worthwhile to investigate contextual biasing using TCPGen for dialogue
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response generation with LLMs. As with KA2G, response generation itself is a
sequence generation task that is based on domain-specific knowledge. Such knowledge
is local to certain applications which makes it challenging for LLMs to accurately
respond, hence necessitating dedicated knowledge integration components, such as
TCPGen, to be used for LLMs. Similar to the Whisper biasing method, TCPGen
can be integrated into open-source LLMs (e.g. LLaMa (Touvron et al., 2023)) as a
distribution-level adaptation that can bias the generation procedure following TCPGen
in the SVG module of KA2G.

• Another direction to investigate is multi-modal contextual knowledge integration using
TCPGen for audio-visual ASR and understanding. This direction will take the audio-
visual contextual ASR pipeline as the starting point, and explore various types of
visual modality information that are likely to appear in academic and educational
application scenarios in addition to the text via OCR only. This includes figures, tables
and equations in presentation slides or papers, as well as any general visual objects.

A longer-term direction is to achieve knowledge integration in a prompt-based audio-visual
universal LLM. In contrast to ASR, SLU and other specific spoken language technologies,
this prompt-based audio-visual LLM formulates all audio-visual tasks into the same prompt-
response format. With this formulation, contextual knowledge can be included via TCPGen
in the same way as in the KA2G framework.
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