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Abstract

The capability for machines to transduce, understand, and reason with natural lan-
guage lives at the heart of Artificial Intelligence not only because natural language
is one of the main mediums for information delivery, residing in documents, daily
chats, and databases of various languages, but also because it involves many key
aspects of intelligence (e.g., logic, understanding, abstraction, etc.). Empowering
the machine with more linguistic intelligence may benefit a wide range of real-world
applications such as Machine Translation, Natural Language Understanding, Dia-
logue Systems, etc.

At present, there are two popular streams of approaches for building intelligent Nat-
ural Language Processing (NLP) systems, i.e., sub-symbolic and neural-symbolic
approaches. Sub-symbolic approaches learn implicit representations on the corpus
that is unstructured, which is massive in amount but results in poor interpretability
and reasoning ability of the learned models; neural-symbolic approaches integrate
neural and symbolic architectures to incorporate structured symbolic data (e.g., se-
mantic nets, knowledge graphs, etc.) as an external knowledge source, which makes
the learned model more interpretable and logical, but the structured symbolic data
is hard to be fully represented and it is comparatively scarce. As a result, both
streams of approaches deserve studying, since they have their respective strengths
and weaknesses, working complementarily in different tasks/scenarios.

Meanwhile, attention-based models, such as Transformers, have achieved huge suc-
cess in many NLP tasks such as Machine Translation, Language Modeling, Question
Answering, etc. However, the attention itself has many issues, such as redundancy;,
quadratic complexity, weak inductive bias, etc. Besides, the previous applications
of attention-based models in various NLP tasks are problematic, e.g., omitting the
prior attention distribution, large computation complexity, weak long-term reason-

ing capability, etc.

To this end, this thesis explores novel attention architectures for NLP tasks that are
currently based mainly on sub-symbolic or neural-symbolic approaches to solve the
existing issues and advance the state-of-the-art. In particular, for sub-symbolic-
based tasks, we study Machine Translation, Language Modeling, Abstractive Sum-
marization, and Spoken Language Understanding; for neural-symbolic-based tasks,

xxiil
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we study Dialogue Commonsense Reasoning. The following lists the main contri-
butions of this thesis:

e We study the redundancy and over-parameterization issues of Multi-Head
Attention (MHA). We find that, in a certain range, higher compactness of
attention heads (i.e., the intra-group heads become closer to each other and
the inter-group ones become farther) improves the performance of MHA,
which forces the MHA to focus on the most representative and distinctive
features, providing guidance for future architectural designs. Accordingly,
we propose a divide-and-conquer strategy that consists of Group-Constrained
Training (GCT) and Voting to Stay (V2S). It mitigates the redundancy and
over-parameterization issues of MHA. Our method uses fewer parameters
and achieves better performance, outperforming the existing MHA redun-
dancy/parameter reduction methods. We verify our methods on three well-
established NLP tasks (i.e., Machine Translation, Language Modeling, and
Abstractive Summarization). The superior results on datasets with multi-
ple languages, domains, and data sizes demonstrate the effectiveness of our
method.

e We ease the modality and granularity inconsistency problem when distill-
ing knowledge from the teacher understanding model to the student ones,
by refining the attention hidden states based on the attention map distribu-
tion. We propose to apply the Attention-based Significance Priors (ASP) to
improve the semantic knowledge transfer from text to speech. We further
propose the Anchor-based Adaptive Span Aggregation algorithm (AASA)
that narrows the modal granularity gap of alignments. To the best of our
knowledge, we are the first that evaluate multiple different alignment strate-
gies beyond vanilla global and local alignments to study the feasibility of
metric-based speech-text distillations. The results on three spoken language
understanding benchmarks (i.e., Intent Detection, Slot Filling, and Emotion

Recognition) verify our assumptions and claims.

e We improve the multi-source and long-term Dialogue Commonsense Rea-
soning (DCR) process, which is a new and difficult problem in NLP, by
presenting a hierarchical attention-based decoding block. We propose the
first Transformer-based KG walker that attentively reads multiscale inputs
for graph decoding. Specifically, Multi-source Decoding Inputs (MDI) and
Output-level Length Head (OLH) are presented to strengthen the control-
lability and multi-hop reasoning ability of the Hierarchical Attention-based
Graph Decoder (HAGD). We further propose a two-hierarchy learning frame-
work to train the proposed hierarchical attention-based KG walker, in order
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to learn both turn-level and global-level KG entities as conversation topics.
This is the first attempt to learn models to make natural transitions towards
the global topic in KG, where we present a distance embedding to incorporate
distance information. Moreover, we propose MetaPath (MP) to concurrently
exploit entity and relation information when reasoning, which is proved es-
sential as the backbone method for KG path representation, providing a
paradigm for KG reasoning. The results on the DCR dataset OpendialKG
show that HiITKG achieves a significant improvement in the performance of
turn-level reasoning compared with state-of-the-art baselines. Additionally,
both automatic and human evaluation prove the effectiveness of the two-
hierarchy learning framework for both short-term and long-term DCR.






Chapter 1

Introduction

1.1 Background and Motivation

Intelligence has been defined in many aspects: the capacity for logic, understanding,
abstraction, self-awareness, emotional knowledge, reasoning, learning, planning,
critical thinking, creativity, and problem-solving. In a broader sense, it might be
defined as the capacity for information perception, inference, and retaining infor-
mation as knowledge for application to adaptive behaviors in a given environment
or context [8]. The ability for machines to transduce, understand, and reason with
language lives at the heart of Artificial Intelligence not only because language rep-
resents the most common form of information, residing in documents, daily chats,
and databases of various forms, but also because it involves many key aspects of
intelligence (e.g., logic, understanding, abstraction, etc.). Building intelligent sys-
tems that process natural language like human beings would benefit a broad range
of real-world applications such as Machine Translation, Question Answering, Di-
alogue Systems, etc. Currently, sub-symbolic and neural-symbolic approaches are
the two main streams for building intelligent Natural Language Processing (NLP)

systems.

Sub-symbolic NLP approaches [9] mainly refer to data-driven neural approaches
that learn implicit representations for NLP tasks in an end-to-end way. Most re-
cent developments in neural approaches have given NLP applications an unprece-
dented performance increase, piquing the interest of the whole NLP community to

study sub-symbolic approaches. For instance, Neural Machine Translation (NMT),
1



2 1.1. Background and Motivation

which utilizes deep neural networks as the core architecture, has gradually replaced
phrase-based statistical techniques in Machine Translation (MT) since NMT per-
forms better. Similarly to this, recurrent architectures and deep learning models
have supplanted early approaches for Named Entity Recognition (NER) that were
based on dictionaries, ontologies, and syntactic grammar rules. Large neural net-
works have been shown to be superior to conventional machine learning methods
such as Support Vector Machines (SVM). First off, these models are convenient to
implement since they can often be trained using a single end-to-end architecture
and do not demand conventional task-specific feature engineering. Second, the
large representation space of neural models can fit a broad range of data, being

more powerful to represent the enormous feature space of real-world data [10].

Neural-symbolic NLP approaches [11] integrate neural and symbolic approaches.
Symbolic NLP approaches assume that symbols are the fundamental building
blocks of human intellect and that the cognitive process consists of a sequence
of explicit judgments based solely on symbolic representations such as semantic
nets, dependency trees, knowledge graphs, etc. Generally, the readability and
interpretability of symbolic models are strong. The finite and discrete symbolic
representations, however, are not tolerant of ambiguous and noisy data and are
insufficient to describe all the fundamental relationships among the data. Whereas
neural-symbolic approaches complement this drawback by integrating symbolic
knowledge with neural architectures, being robust, reliable, and interpretable at
the same time [12]. Thus, they can be applied to solve more high-level tasks such

as understanding and reasoning.

Note that sub-symbolic and neural-symbolic approaches have their respective ad-
vantages and drawbacks, which leads to their co-existence in the current NLP
research community. Sub-symbolic models can be trained in an end-to-end way
with a large amount of annotated /unannotated unstructured data, which is easier
to obtain and huge in number, making it easy to learn enormous knowledge. How-
ever, sub-symbolic models suffer from poor interpretability and reasoning ability
[12], and thus are unreliable in some cases. For example, given different inputs, it’s
hard to control the commonsense facts in the output to be consistent. By contrast,
neural-symbolic approaches are more interpretable and logical because of their ex-
ternal structured knowledge. However, high-level structured data is difficult to be

fully represented [13] (e.g., their structural information is hard to represent) and
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FIGURE 1.1: The number of papers studying attention-based architectures and
their applications by years (2014-2021). The statistics are mainly from ICLR,
NIPS, AAAI IJCNN, CVPR, ICCV, and ArXiv. The category of Others refers
to these sources: ACL, ACM, EMNLP, ICML, ICLR, ICASSP, ECCV, ACCV,
CORR, ICRA, ICPR, IEEE ACCESS, and Neurocomputing.

it is scarce compared to unstructured ones [10]. These issues restrict their power
to a large extent. As a result, in this thesis, we study both sub-symbolic-based
and neural-symbolic-based NLP tasks to offer a more extensive exploration!. Here
sub- or neural-symbolic-based tasks refer to the tasks whose recent approaches in

its corresponding research community are mainly sub- or neural-symbolic-based.

As shown in Figure 1.1, the work studying attention-based architectures and their
applications is rapidly increasing over the past 8 years and is expected to keep
growing. The attention-based models, such as Transformer [5], have been a go-
to backbone in both sub-symbolic-based [14] and neural-symbolic-based [13] NLP
tasks. Attention performs a relevance-based pooling operation that joins all to-

kens of a sequence, presenting a graph-like inductive bias. Though effective, the

ITraditional Machine Learning approaches, symbolic approaches, and approaches that combine
them are no longer popular in the NLP community for their limited performance.
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attention mechanism itself has been known for many problems such as redundancy
[15, 16], quadratic complexity [17, 18], weak inductive bias [14, 19], etc., impeding
the model’s scalability and performance in many circumstances. Besides, the pre-
vious applications of attention-based models in various NLP tasks are problematic,
e.g., omitting the prior attention distribution [20], large computation complexity
[21], weak long-term reasoning capability [22], etc. Recent years have witnessed a
multitude of works that design new attention paradigms for NLP tasks, which eases
the issues to some extent. However, this line of research is still in its infancy, which
drives us to optimize attention-based architectures and their training methods to

solve the challenging NLP problems.

1.2 Research Objective

The main objectives of this thesis are outlined as follows:

e Shed light on the general designs of high-performing attention mechanisms
for sub-symbolic-based NLP tasks such as Machine Translation, Language
Modeling, Abstractive Summarization, and Spoken Language Understanding,

and advance the state-of-the-art.

e Explore the application of attention-based architectures in neural-symbolic-
based NLP tasks such as Dialogue Commonsense Reasoning, providing new

paradigms for future work.

1.3 Problem Overview and Research Scope

In this thesis, we optimize the attention mechanisms for both sub-symbolic-based
and neural-symbolic-based tasks to solve their existing problems and fully study
the effectiveness of attention mechanism variants. In particular, we study a set
of core sub-symbolic-based NLP tasks: Machine Translation, Language Model-
ing, Abstractive Summarization, and Spoken Language Understanding; for neural-
symbolic-based tasks, we study Dialogue Commonsense Reasoning, which is a rep-

resentative task in this category.

The focused areas of this thesis are introduced in the following subsections.
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1.3.1 Multi-Head Attention Optimization

The attention is the key module of Transformer [23]. Single-head attention projects
the input sequence into three matrices which serve as the packed queries (Q), keys
(K), and values (V). It computes the dot products between the queries and keys,
divides each by +/dj, applies a softmax function to compute the weights, and

performs a weighted sum on the values:

T

Attention(Q, K, V') = softmax( ©

T (1.1)

It is proved beneficial to linearly project the queries, keys, and values h times with
different, learnable linear projections to a smaller dimension dy = dnege1/h. The
h projected versions of queries, keys, and values perform the attention function in

parallel, and then perform a concatenation and projection on the resulting values:

MultiHead(Q, K, V) = Concat(head,, ..., head;, )W (1.2)

head; = Attention(QWS, KWK vwY) (1.3)

where the WZ-Q, WE WY and WO are learnable matrices. Compared to single-
head attention, Multi-Head Attention (MHA) jointly attends to information from
h representation subspaces at different positions, which allows it to learn a task

from multiple perspectives [23].

Regarding the relationships between the source and target, there are two categories

of attention that are commonly used:

e Self-attention. Self-attention relates different positions of a sequence to
form new contextual representations. In MHA, we set Q = K =V = X in
Eq. 1.2, where X is the output representation of the previous layer. Both

the source and target sequence are the input itself.

e Cross-attention. Cross-attention mixes two different sequences to form the
new contextual representations. It takes the target sequence to project into

queries (@) and the source sequence to project into keys (K) and values (V).
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Attention is a powerful representation reconstruction mechanism that has been

proven effective in many works of different fields [5, 24, 25].

However, attention has been found to have many issues, such as complexity issues,
lack of priors, parallel MHA design, etc., that harm its performance, which drives
us to study the attention optimization problem. We discuss the issues of attention
in detail in §2.1.

In addition, different NLP tasks require different inductive biases, and thus adapt-
ing the attention mechanism for different tasks is necessary to achieve better per-
formance. For transduction tasks with short inputs, the main concern is to look at
the whole sequence and have each head looking at different aspects [26]; whereas
for transduction tasks with long inputs, the main issue is the quadratic complexity
of the attention map computation [17, 18], hence local receptive fields are preferred
to reduce computation complexity and out-of-memory issues. For language under-
standing tasks, attention mechanisms with adaptive granularity are preferred, so
that the attention is able to catch both global and local semantics for better un-
derstanding, either when learning from datasets [27] or teacher models [20]. For
language reasoning tasks, one of the main concerns is how to better utilize the
current input information and history reasoning trajectory to achieve long-term
future predictions, so attention-based architectures that deal with multiple inputs
and have long-term memories are preferred [13]. Moreover, tasks from different
fields, such as NLP and Computer Vision (CV), require different model inductive
biases as well. For example, NLP tasks assume that temporal dependencies exist

between tokens, whereas CV tasks require more spatial dependencies.

1.3.2 Machine Translation

Machine translation (MT) is a sub-field of computational linguistics that studies
algorithms translating text or speech from one language to another. Given a source
language sequence X = {xy, ..., X1}, the task is to learn a mapping to convert X

into the target language sequence Y = {y1, ..., yn2}-

The studies on MT have a long history [28]. In recent years, this field is still ac-
tive and numerous effective methods have been proposed. Recent advancements

in Deep Learning have led to the emergence of a branch known as Neural Machine
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Translation (NMT). NMT has a significant advantage over more established ap-
proaches like Phrase-Based Statistical Machine Translation (PBSMT) due to its
straightforward architecture and capacity to capture complex sentence dependen-
cies, becoming a new trend in the community. Numerous NMT models have been
proposed, some of which made significant advancements with state-of-the-art out-
comes. As the two most impactful attention-based approaches, Bahdanau et al. [4]
and Vaswani et al. [5] built the foundation for the developments of NMT in recent

years.

MT datasets that are most commonly adopted by the community are from WMT
and IWSLT benchmarks, such as WMT 2014 en-de, WMT 2014 en-fr, IWSLT 2014

de-en, etc. BLEU [29] is the main evaluation metric.

1.3.3 Language Modeling

Language Modeling (LM), a well-known problem of probabilistic density estima-
tion, is the most common self-supervised task in NLP. LM is a generic term, and in
practice, it often refers to auto-regressive LM or unidirectional LM in particular.

Given a text sequence X = {xy, ..., X, }, its joint probability p(X) is termed as:

n

p(X) = [ [ p(xelx1, oo x1) (1.4)

t=2

We can apply a neural encoder f,. to model the text context {xy,...,x;_1}, which

is used to predict the conditional probability p(x;|x1, ...,X;—1):

p(Xe|X1, oy Xe1) = frar(fene({X1, ooy Xe—1})) (1.5)

Where fr, is a predictive neural model. With a large corpus, we may use Max-
imum Likelihood Estimation (MLE) [30] to train the entire network to maximize
the likelihood from Eq.1.4. Each token in unidirectional LM only encodes itself and
the leftward context tokens, which is a disadvantage. Better contextual representa-
tions of text should incorporate both forward and backward contextual information.
Bidirectional LM (BiLM), which combines two unidirectional LMs: a forward left-
to-right LM and a backward right-to-left LM, offers an enhanced solution. [31]
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suggested a two-tower model for the BiLM, with the forward tower controlling the
left-to-right LM and the backward tower controlling the right-to-left LM. In ad-
dition, attention-based Pre-Trained Models (PTMs) have recently empowered the
LM task greatly. They do not need to be trained from scratch for each LM dataset
because they have learned universal language representations from a vast corpus of
data. A small amount of data from the downstream LM task is enough to achieve

good results.

The WikiText-103 [32] and Billion Word [33] are popular datasets of LM. The

perplexity is adopted as a common evaluation metric for LM.

1.3.4 Abstractive Summarization

Abstractive Summarization (AS) is known as creating a brief and succinct summary
that encapsulates the key concepts of the source text. The generated summaries
might include new words and phrases that are not in the original text. Given
a source document sequence X = {xi,...,X,1}, the task is to learn a mapping

to convert the source document sequence X into the target summary sequence
Y = {yla --'7Yn2}~

Like MT and LM, recent advances in AS are also empowered by attention-based
models. The difference is that its input is too long to compute its self-attention.
Thus, the AS works either truncate the inputs, or develop efficient [34] / recurrent
[35] attention mechanisms. As has longer inputs and requires more abstraction
ability, it is considered more difficult than MT and LM [36].

The CNN-DailyMail [37] is a common AS dataset, and the F-1 ROUGE [38] is the

standard evaluation metric for this task.

1.3.5 Spoken Language Understanding

Spoken Language Understanding (SLU) is a set of tasks in NLP intending to learn
models to understand the content of speech input. In this thesis, we focus on three
tasks of SLU: Intent Detection (IC), Emotion Recognition (ER), and Slot Filling
(SF).
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Intent Detection. In the Intent Detection (ID) task, the model classifies user
utterances X = {xy, ..., X, } into specified classes of user intentions ¢; € C, where
C ={ci, ..., cn2}. Normally, the Fluent Speech Commands dataset [39] is adopted,
where each utterance is annotated with three labels of intent: action, object, and

location. Accuracy (ACC) is usually chosen as the evaluation metric.

Slot Filling. In the Slot Filling (SF) task, a series of semantic slot-types Y! =
{yi,....,yL,} and slot-values Y? = {y?,...,y%,} are predicted from an utterance
X = {x1,...,Xn1}, such as a slot-type FromLocation of the slot-value London. An
SLU system cannot operate without both slot-types and slot-values. Slot-type F1
score and slot-value CER are normally used as the evaluation metrics [40]. The
popular dataset Audio SNIPS synthesizes multi-speaker utterances for SNIPS [41].
As a standard setting, US-accent speakers are chosen for training, while others are

chosen for validation/testing.

Emotion Recognition. In the Emotion Recognition (ER) task, each utterance
X = {x1,...,Xn1} is assigned an emotion class ¢; € C, where C' = {¢q, ..., .Cho}.
A common ER dataset is IEMOCAP [42]. Following the traditional settings, the
unbalanced emotion classes are dropped to leave the final four classes (neutral,
happy, sad, and furious) with a comparable number of data points. Normally,

accuracy (ACC) is the evaluation metric.

1.3.6 Dialogue Commonsense Reasoning

Commonsense knowledge is information about everyday life that is generally ac-
cepted by the majority of people and includes real-world experience. Building
models for natural language understanding and, more broadly, Al systems that
can reason about the world in the same way as humans do usually requires the
assistance of external commonsense knowledge bases such as Knowledge Graph

(KG), which contains commonsense relationships between real-world entities.

We study the Dialogue Commonsense Reasoning (DCR) task that predicts a topic
sequence Y = {yi,...,yn} on KG, given the dialogue history X, = {x}, ..., x%}
and topic trajectory X; = {x,...,x]} [13]. DCR aims to analyze and create con-

versation topics considering both the dialogue flow and commonsense knowledge,
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because human conversations are usually guided by several topics that are in line
with the current chat context and are mutually related according to commonsense

knowledge. Such KG reasoning models are usually named dialogue graph walkers.

Current dialogue graph walkers can generally be divided into recurrent walkers [22,
43-45] and graph attention-based walkers [21]. Recurrent walkers decode KG paths
depending on a fixed-length vector, which creates a bottleneck for performance.
Graph attention-based KG walkers are good at achieving optimal performance since
they reserve all potential paths, but such a mechanism is too high in computation
complexity to be scalable to multi-hop reasoning. In addition, both recurrent
and graph attention-based walkers neglect the hierarchical structure of the input
source and make separate predictions for entity and relation paths, which harms
their performance. Besides, these walkers only plan turn-level topics based on the
dialogue history, which means that their reasoning is local and undirected, whereas
conversations between humans are guided by an ultimate topic. Considering the

above-mentioned problems, this task is still in its infancy and deserves more study.

For DCR, the OpenDialKG [22] is a popular dataset. F1 score and human evalu-

ation are normally applied to evaluate the generated sequences.

1.4 Major Contributions

In general, this thesis optimizes the attention mechanisms for sub-symbolic-based
and neural-symbolic-based NLP tasks. The attention mechanisms are transformed
to solve the inherent issues of the attention mechanism itself such as redundancy
and over-parameterization, or issues that exist in specific tasks such as the granu-

larity gap problems in SLU and the short-sighted problems in DCR.

More specifically, they can be stated in the following three sub-sections.:

1.4.1 Grouped Head Attention for Language Transduction

We study the redundancy and over-parameterization issues of multi-head attention.
Three core tasks of NLP are involved: Machine Translation, Language Modeling,

and Abstractive Summarization. We find that the high compactness of attention
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heads (i.e., the intra-group heads become closer to each other and the inter-group
ones become farther) improves MHA’s performance, which leads the MHA to focus
on the most representative and distinctive features, providing guidance for future
architectural designs. Accordingly, we propose a divide-and-conquer strategy that
consists of GCT and V2S. It mitigates the redundancy and over-parameterization
issues of MHA. Our method uses fewer parameters and achieves better performance,
outperforming the existing MHA redundancy/parameter reduction methods. We
verify our methods on three well-established NLP tasks. The superior results on
datasets with multiple languages, domains, and data sizes demonstrate the effec-

tiveness of our method.

1.4.2 Significance Prior Refined Attention for Language
Understanding

We ease the modality and granularity inconsistency problem when distilling knowl-
edge from the teacher understanding model to the student ones, by refining the
attention hidden states based on the attention map distribution. The Spoken Lan-
guage Understanding tasks including Intent Detection, Slot Filling, and Emotion
Recognition are involved. We propose to apply the Attention-based Significance
Priors (ASP) to improve the semantic knowledge transfer from text to speech. We
further propose the Anchor-based Adaptive Span Aggregation algorithm (AASA)
to narrow the modal granularity gap of alignments. To the best of our knowledge,
we are the first to evaluate multiple different alignment strategies beyond vanilla
global and local alignments to study the feasibility of metric-based speech-text dis-
tillations. The results on three spoken language understanding benchmarks verify

our assumptions and claims.

1.4.3 Multi-Hierarchy Attention for Commonsense Reason-
ing
We improve the multi-source and long-term Dialogue Commonsense Reasoning

process, which is a new and difficult problem in NLP, by presenting a hierarchical

attention-based decoding block. We propose the first Transformer-based KG walker
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that attentively reads multiscale inputs for graph decoding. Specifically, we pro-
pose Multi-source Decoding Inputs (MDI) and Output-level Length Head (OLH)
to strengthen the controllability and multi-hop reasoning ability of the Hierarchi-
cal Attention-based Graph Decoder (HAGD). We further propose a two-hierarchy
learning framework to train the proposed hierarchical attention-based KG walker,
in order to learn both turn-level and global-level conversation topics. This is the
first attempt to learn models to make natural transitions towards the global topic in
KG, where we propose a distance embedding to incorporate distance information.
To concurrently exploit entity and relation information when reasoning, we further
propose MetaPath (MP), which has proved essential as the backbone method for
KG path representation, providing a paradigm for KG reasoning. The results on
the OpendialKG dataset show that HITKG achieves a significant improvement in
the performance of turn-level reasoning compared with state-of-the-art baselines.
Additionally, both automatic and human evaluation show the effectiveness of the

two-hierarchy learning framework for both short-term and long-term reasoning.

1.5 Outline of the Thesis

Chapter 1 introduces the background, motivation, and objective of this thesis. Fur-
ther, the studied problems and research scope are clarified. The main contributions

and the thesis organization are briefly stated as well.

Chapter 2 reviews the recent advances in the tasks involved to clarify the research
context and development trend. The issues of the attention mechanism are also
revealed and we review the important works that mitigate these problems. More-
over, the main backbone variants for sequence encoding and transduction, including
Convolutional Neural Networks, Recurrent Neural Networks, Sequence-to-sequence
Models, Memory Networks, Attention Mechanisms, Transformers, Pointer Net, and
CopyNet, are introduced. The model backgrounds and principles are introduced
in detail. In addition, the evolution of these backbone models is analyzed to reveal

the relationships between them.

Chapter 3 proposes Grouped Head Attention (GHA), trained with a self-supervised
group constraint that group attention heads, where each group focuses on an essen-

tial but distinctive feature subset. It additionally proposes a Voting-to-Stay (V2S)



Chapter 1. Introduction 13

procedure to remove redundant parameters and obtain GHA-PS (PS denotes the
Pillars of Strength), thus achieving a Transformer with lighter weights. The pro-
posed method achieves significant performance gains on three well-established tasks
(Machine Translation, Language Modeling, and Abstractive Summarization) and
concurrently compresses considerable parameters (the light architecture reduces

63.6% parameters against vanilla Transformer).

Chapter 4 presents the Significance Prior Refined Attention. It studies the SLU
problems by metric-based knowledge distillation that aligns the embedding space
of text and speech with only a small amount of data without modifying the model
structure. Since the semantic and granularity gap between text and speech has been
omitted in literature, which impairs the distillation effectiveness, it proposes the
Prior-informed Adaptive knowledge Distillation (PAD) that adaptively leverages
text/speech units of variable granularity and prior significance distributions to
achieve better global and local alignments between text and speech pre-trained
models. It evaluates tasks of three spoken language understanding benchmarks to
show that PAD is more effective in transferring linguistic knowledge than other

metric-based distillation approaches.

Chapter 5 presents HiTKG, a multi-hierarchy attention-based graph walker that
leverages multiscale inputs to make precise and flexible predictions on KG paths.
Furthermore, it proposes a two-hierarchy learning framework that employs two
stages to learn both turn-level (short-term) and global-level (long-term) conversa-
tion topics. Specifically, in the first stage, HITKG is trained in a supervised fashion
to learn how to plan turn-level topic sequences; in the second stage, HITKG tries
to naturally approach the assigned global topic via reinforcement learning. In ad-
dition, it proposes MetaPath as the backbone method for KG path representation
to exploit the entity and relation information concurrently. It further proposes
Multi-source Decoding Inputs and Output-level Length Head to improve the de-
coding controllability. Our experiments show that HiITKG achieves a significant
improvement in the performance of turn-level goal learning compared with state-
of-the-art baselines. Additionally, both automatic and human evaluation prove
the effectiveness of the two-hierarchy learning framework for both short-term and

long-term topic reasoning.

Chapter 6 summarizes this thesis and presents some possible research trends for

future work.






Chapter 2

Literature Review

With the success of deep learning and the development of computation powers,
neural models have dominated almost the whole NLP community. Recently, the
Transformer [5], as an attention-based neural architecture, has been the go-to model
for many tasks, such as Machine Translation [5], Language Modeling [46], Dialogue
Systems [13], etc.

In this chapter, we clarify the research context with a focus on deep learning-based
approaches. We review the attention variants proposed in recent years that solve
their respective issues. In addition, we review the core sub-symbolic-based and
neural-symbolic-based NLP tasks that require different levels of semantic depen-
dencies [47]. More specifically, for sub-symbolic-based tasks, we review Machine
Translation, Language Modeling, Abstractive Summarization, and Spoken Lan-
guage Understanding; for neural-symbolic-based tasks, we review Dialogue Com-

monsense Reasoning.

2.1 Attention Variants Regarding Their Issues

2.1.1 Complexity Issue

In the standard attention mechanism, each token attends to all positions in the
input, which increases the computation complexity quadratically, thus limiting the

attention’s application circumstance within the tasks with short inputs. The high

15
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time and memory complexity prohibit the model from being trained efficiently

when the input is long. Thus, there evolve many variants to solving this issue.

Many observations found that the trained attention maps were very sparse, which
made it possible to limit the query-key computations to make the attention effi-
cient. Different sparse patterns were created for various sorts of data in the Sparse
Transformer [48]. It employed a combination of band attention and strided atten-
tion for data with a periodic structure (such as photos). By contrast, it employed
a composition of block local attention along with global attention, where global
nodes were drawn from fixed points in the input sequence, for data lacking a pe-
riodic structure (such as text). Band attention and internal global-node attention
were both used by Longformer [34]. For classification tasks, the global nodes were
selected as [C'LS] tokens. To expand the receptive field without boosting computa-
tion, they also swapped out some of the band attention heads in the top layers for
dilated window attention. Extended Transformer Construction (ETC) [49] used
a combination of band attention and external global-node attention. To handle
structured inputs and modify Contrastive Predictive Coding (CPC) [50] for pre-
training, ETC additionally had a masking mechanism. BigBird [51] used additional
random attention to approximate full attention in addition to the band and global
attention. Their theoretical research also showed that any Turing Machine may be
simulated using a sparse encoder and a sparse decoder, which accounted for the

effectiveness of such sparse attention models.

The quadratic complexity of QK” computation can be linearized, as long as the
softmaxr(QKT) can be disentangled into QKT and then the attention output can
be obtained by computing the production of K and V first: QK™V — Q(KTV),
which leads to a complexity of O(n), n being the input length. Linear Transformer
[18] suggested using the feature map ¢(x;) = elu(x;) + 1 for disentanglement.
This feature map was empirically proved to perform on par with the standard
Transformer, although it actually did not try to approximate the dot product
attention. Random feature maps were used by Performer [52] to approximate the
scoring function. Accordingly, Peng et al. [53] and Choromanski et al. [54] tried
to approximate order-1 arc-cosine kernel apart from using random feature maps
which approximate standard dot product attention. It was demonstrated that this

feature map works well for a variety of tasks, including protein sequence modeling
and MT.
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The self-attention matrix was shown to be low-rank, according to Wang et al. [17].
This characteristic has two implications: (1) with parameterization, it is possible
to explicitly model the low-rank property; (2) we can substitute a low-rank ap-
proximation for the self-attention matrix. Guo et al. [55] divided the self-attention
into two components: a band attention that captures local dependencies and a low-
rank attention with a small D, that extracts long-range non-local interactions. In
addition, the above-mentioned kernel-based methods (such as Performer) provide

a low-rank matrix approximation, which was followed up by some works [56, 57].

2.1.2 Lack of Priors

Attention weights represent the attention distribution over the values. The distri-
bution is often created from inputs (e.g., softmax(QK) in a classic Transformer).
Such a setting is not optimal since it does not utilize all possible information of a
given task, e.g., the task inductive bias. There exist other sources, which we refer
to as priors, that form the attention distribution. Attention distribution based on
priors can be used in addition to or instead of the distribution derived from inputs.
Usually, two attention distributions can be fused by first computing a weighted
sum of the prior scores and the generated attention scores, and then computing

the softmax function.

Some data formats, like text, can show an obvious preference for the locality.
It is possible to directly encode this attribute as prior-based attention. Using a
Gaussian distribution across locations would be a direct intuition. Yang et al. [58]
suggested using a feedforward network to determine a central point for the mean
of the Gaussian distribution. More directly, the Gaussian Transformer [59] used

the position of the query as the central position and achieved comparable results.

The attention distributions in neighboring layers of the Transformer are found to
be alike. Therefore, using the attention distribution from the preceding layer as
a prior for attention computation makes sense. According to Predictive Attention
Transformer [60], earlier attention scores were convolved by a 2D-convolutional
layer and the final attention scores should be computed as a convex combination of
the produced attention scores and the convolved scores. The experiments demon-

strated gains above baseline models, whether they are training the model from
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start or fine-tuning it on the pre-trained BERT. Realformer [61] simulated a resid-
ual skip link on attention maps by directly adding the past attention scores to the
produced attention scores. For this model, they conducted pre-trainings. The ex-
periments demonstrated that this model performed better than the baseline BERT
in many datasets and beat the baseline model even when pre-training budgets are
much smaller. More radically, Lazyformer [62] suggested sharing attention maps
between many nearby layers. The advantage of this method is that the computing
cost decreased because the attention maps were generated just once and repeatedly
utilized in subsequent layers. Their pre-training experiments demonstrated that
the final model was still useful while having a substantially higher computational

efficiency.

Some studies drew attention from other sources, which performed comparatively
to the attention solely based on inputs. Average Attention Network, proposed by
Zhang et al. [63], is an effective Transformer decoder that only draws attention
distribution from discrete uniform distributions. As a result, the values are ag-
gregated as a cumulative average of all values. On top of the average attention
module, they also added a feed-forward gating layer to increase the network’s ex-
pressiveness. This method avoids the O(n?) complexity in decoding by allowing
the customized Transformer decoder to train in parallel like normal Transform-
ers do and decode similarly to an RNN. According to Synthesizer [64], generated
attention scores can be replaced by: (1) learnable attention scores with random
initialization; and (2) attention scores produced by a feed-forward network that is
solely conditioned on the querying input itself. These variations performed on par
with the original Transformer, according to evaluations on MT and LM. Although

the empirical findings are fascinating, it is not clear why these variants are effective.

2.1.3 The Parallel Multi-Head Mechanism

To enable the model to jointly attend to input from several representation subspaces
at various positions is a fundamental justification for adopting the multi-head de-
sign in Multi-Head Attention (MHA) [5]. To ensure distinct behavior between
attention heads, however, or for heads to communicate with one another, it re-
quires explicit methods apart from the original parallel design of the vanilla MHA.

By providing more complex mechanisms that direct the activity of attention heads
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or permit interaction between attention heads, this field of research aims to enhance

multi-head processes.

Kovaleva et al. [65] identified numerous inappropriate attention patterns in BERT.
For instance, many attention heads merely focused on the [C'LS] and [S E P] special
tokens. In order to optimize the labor division among attention heads, additional
mechanisms should be introduced. Deshpande and Narasimhan [66] suggested us-
ing an auxiliary loss, defined as the Frobenius norm between attention distribution
maps and predetermined attention patterns, to achieve this goal. Li et al. [26] added
extra disagreement regularization terms to the loss function to increase diversity
among the several attention heads. The first two regularization terms maximized
the cosine distances between the input subspaces and the output representations,
while the last regularization term diversifies the locations that the heads attend to
by performing element-wise multiplications between head attention matrices. By
using a talking head method, Talking-head Attention [67] linearly projected the
produced attention scores from hj to h heads, applied softmax in that space, and
then projected to h, heads for value aggregation. The goal was to support the

model’s ability to switch between attention heads in a teachable manner.

The redundancy problem of MHA arises recently. Michel et al. [15] and Voita et al.
[16] found that only a subset of the attention heads have significant utilities in the
Transformer, while others could be pruned, where the important heads could be
identified by Expected Sensitivity and Layer-wise Relevance Propagation (LRP)
[68]. Upon this, Li et al. [69] learned per-head importance scores and pruned
the heads. Cordonnier et al. [70] homogenized the attention heads by sharing a
part of the weights between heads, which lowered the number of parameters but
sacrificed performance. As mentioned above, Li et al. [26] found that diversifying
attention heads by adding regularization terms can force MHA to reduce inter-head

redundancy, yielding performance gains for Machine Translation.

2.2 Machine Translation

The study of Machine Translation (MT) has a lengthy history, dating back to the
17th century. Rene Descartes developed a global language in 1629 that used one
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set of signs to convey the same meaning across several languages. The first re-
searcher on the subject, Yehoshua Bar-Hillel, started his study at MIT in 1951 and
convened the first International Conference on Machine Translation in 1952, which
is when the particular research on MT started. Rule-based Machine Translation
[71], Statistical Machine Translation [72], and Neural Machine Translation (NMT)
[73] are the three main streams of MT research that have occurred since. In this

thesis, we selectively review the recent advances of NMT.

Transformer has greatly improved the performance of various tasks, therefore re-
searchers are paying close attention to its applications on MT. The widely acknowl-
edged shortcomings of the standard Transformer include the absence of recurrence
modeling, the fact that it is not theoretically Turing-complete, the difficulty of cap-
turing positional information, and the complexity of the model. The performance
of its translation has been hampered by all these flaws. Modifications have been

proposed as a solution to these issues in order to obtain better performance.

Some works made changes to the model design concentrating on the network com-
position and the depth of the attention layer. With a more sophisticated attention
mechanism, Bapna et al. [74] proposed 2-3x deeper Transformer. The model is able
to propagate the gradient flow to various encoder layers because the enhanced at-
tention mechanism extends its connection to each encoder layer, similar to weighted
residual connections throughout the encoder depth. Similar to this, Wang et al. [75]
suggested a deeper Transformer model (25 layers of encoder), which was built on
the above-mentioned work [74] by appropriately implementing layer normalization

and employing a special output aggregation method.

In contrast to the fixed-layer NMT models, Dehghani et al. [76] proposed Universal
Transformers that dynamically adjusted the number of layers, which improved the
original self-attention-based representation for better recursive transformations. It
combines recurrent inductive bias of RNNs and Adaptive Computation Time Halt-
ing mechanism. Notably, this modification has allowed the model to be demon-

strated as Turing-complete under specific assumptions.

While the majority of modifications concentrate on directly modifying the model
structure, some recent work has opted to use an alternative input representation
for MT in order to enhance the model’s performance. Since the vanilla Transformer

has difficulty in attending to positional information, one straightforward solution is
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employing improved Positional Encoding for sequence order injection. Shaw et al.
[77] augmented the self-attention mechanism with knowledge of relative locations,

improving the performance on two MT tasks.

Meanwhile, attempts have been made to use pre-initialized input representations
for various NLP tasks. Edunov et al. [78] used a pre-trained ELMo [79] for the
encoder of NMT model. In addition, the Transformer-based contextual input repre-
sentations, such as BERT (Bidirectional Encoder Representation from Transform-
ers) [80] and GPT (Generative Pre-trained Transformer) [81], have been presented,
which were applied to bring improvements to MT [82].

2.3 Language Modeling

Language Modeling (LM) is the most common self-supervised task in NLP. The tra-
ditional Statistical Language Modeling predicts the probability distribution based
on the word frequency in the corpus. Recently, the neural approaches have greatly
boosted the development of LM in the NLP community. The neural approaches
are able to assign high probabilities for those linguistically flawless sequences that

never exist in the training corpus.

Note that the recent advances in Language Modeling are also greatly empowered
by the models discussed in the last section [27, 36, 80, 81]. To avoid repeated
discussions, we focus on the advances in Masked Language Modeling (MLM) of
the LM field, which is also one of the most commonly adopted pre-training tasks
at present [80]. The idea of MLM, often known as a Cloze problem, was initially
put forward by Taylor [83]. This task was modified by Devlin et al. [80] as a brand-
new pre-training task to address the problem of the traditional unidirectional LM.
MLM trains the model to predict the tokens that have been masked out of the input
phrases based on the remaining tokens, where the masked tokens are replaced with
the special token [MASK]. The [M ASK] token does not present during the fine-
tuning phase, hence this pre-training approach will result in a mismatch between
the pre-training and fine-tuning phases. To mitigate this mismatch, BERT [80]
performed masking 80% of the time using a specific [M ASK] token, 10% of the

time using a random token, and 10% of the time using the original token.
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Typically, MLM is resolved as a classification task. In order to predict the masked
token, we send the masked sequences to a neural encoder, such as BERT, whose
output vectors are then fed into a softmax classifier. Apart from such encoder-
only methods, the MLM can be performed with an encoder-decoder architecture
as well, also known as a sequence-to-sequence architecture (introduced in §2.7.2.
As such, the encoder receives a masked sequence and the decoder successively
generates the masked tokens in an auto-regressive fashion. Such an approach,
which is usually referred to as sequence-to-sequence MLM or Seq2Seq MLM, was
utilized in some famous works such as MASS [84] and T5 [85]. Moreover, the
Seq2Seq-style downstream tasks, such as Question Answering, Summarization, and

Machine Translation, can benefit from Seq2Seq MLM.

There were several studies that proposed improved MLM variations to boost BERT.
RoBERTa [86] enhanced BERT with dynamic masking in contrast to static mask-
ing. UniLM [87] augmented the MLM with unidirectional, bidirectional, and
sequence-to-sequence language modeling. Translation Language Modeling (TLM)
was proposed in XLM [88], which performed MLM on a concatenation of paral-
lel bilingual sentence pairs. To consider structural information in pre-training,
SpanBERT [89] substituted MLM with Random Contiguous Words Masking and
Span Boundary Objective (SBO), which prompted the model to predict masked
spans based on span boundaries. Additionally, the Span Order Recovery task was
introduced by StructBERT [90] to further include linguistic structures.

2.4 Abstractive Summarization

The goal of Abstractive Summarization (AS) is to produce brief, accessible phrases
that convey the essence of the source texts. Due to the introduction of Seq2Seq
models [91] and the attention mechanism [4], neural networks have shown impres-
sive results in AS. A pointer network was used by See et al. [92], Paulus et al. [93],
and Gehrmann et al. [94] to address the out-of-vocabulary problem. Addition-
ally, to avoid repetition, See et al. [92] applied a coverage mechanism [95]; Paulus
et al. [93] and Chen and Bansal [96] performed reinforcement learning in an end-
to-end setting. Pre-trained language models have recently made great progress in

a number of NLP tasks [80, 97, 98]. The use of pre-trained language models in the
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AS task has been the core of several research that yielded state-of-the-art results
[99-102].

The issue of factual inconsistency in AS models has been brought up in a number
of works [103-106]. Similar to a natural language inference job, Kryscinski et al.
[103] suggested training a neural network to determine if a summary is factually
compatible with a particular source material. Li et al. [107] suggested employing
unlikelihood to suppress logically incorrect replies in the dialogue generation task.
The strategy of Nan et al. [108] that enhanced entity-level metrics of summaries
is also in line with controlled AS [109], where a user may specify a list of named

entities they wish to appear in the summary by passing it as input.

2.5 Spoken Language Understanding

2.5.1 Intent Detection

The Intent Detection approaches classify the intent of users given their utterances.
[110] and [111] were the first who greatly improved the recognition accuracy of
dialogue intent. They built deep convex networks to combine the predictions of a
prior network and the current utterances as an integrated input of a current net-
work. A deep learning framework was also applied by Yann et al. [112] to classify
the intent in a semi-supervised fashion. To solve the difficulty of training a deep
neural network for intent prediction, Restricted Boltzmann Machine (RBM) and
Deep Belief Networks (DBNs) were applied to initialize the parameters of deep
neural networks [113]. To make use of the strengths of RNNs in sequence process-
ing, some works used RNNs as utterance encoders and made predictions for intent
and domain categories [114, 115]. [116] used a CNN to extract hierarchical features
for intent detection and illustrated the sequence classification capabilities of CNNs.
[117] proposed a model for intent classification of short utterances. Short utter-
ances are hard for intent detection because of the lack of information in a single
dialogue turn. This paper used RNN and CNN architectures to incorporate the
dialogue history, thus obtaining the context information as an additional input be-
sides the current turn’s message. The model achieved promising performances on

three intent classification datasets. More recently, [118] pre-trained Task-Oriented
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Dialogue BERT (TOD-BERT) and significantly improved the accuracy of the in-
tent detection task. The proposed model also exhibited a strong capability of
few-shot learning and could effectively alleviate the data insufficiency issue in a
specific domain. [119] introduced duel sentence encoders for efficient intent de-
tection. Their methods were effective in low-resource situations. [120] proposed
an NLU framework for argumentative dialogue systems in the information-seeking
and opinion-building domain. They used a BERT+BiLSTM to inject common-
sense knowledge into the framework to better understand the user intent. [121]
combined Transformer with capsule networks, and found their model achieved bet-

ter performance than original capsule-NLU network implementations.

2.5.2 Slot Filling

The SF problem is also called semantic tagging, a sequence tagging problem. It is
more challenging for that the model needs to predict multiple objects at a time.
DBNs exhibited promising capabilities in the learning of deep architectures and
have been applied in many tasks including slot filling. [122] used a DBN-initialized
neural network to complete slot filling in the call-routing task. [123] built a DBN-
based sequence tagger. In addition to the NER input features used in traditional
taggers, they also combined part of speech (POS) and syntactic features as a part
of the input. The recurrent architectures benefited the SF task in that they could
keep track of the information along past timesteps to make the most of the se-
quential information. [124] first argued that instead of simply predicting words,
RNN Language Models (RNN-LMs) could be applied in slot filling. On the out-
put side of RNN-LMs, tag labels were predicted instead of normal vocabularies.
[125] and [126] further investigated the impact of different recurrent architectures
in the Slot Filling task and found that all RNNs outperformed the Conditional
Random Field (CRF) baseline. As a powerful recurrent model, LSTM showed
promising tagging accuracy on the ATIS dataset owing to the memory control of
its gate mechanism [127]. [128] argued that the shallow output representations of
traditional slot filling lacked the ability to represent the structured dialogue infor-
mation. To improve, they treated the Slot Filling task as a template-based tree
decoding task by iteratively generating and filling in the templates. Different from
traditional SF methods, [129] tackled the task by treating it as a turn-based span

extraction task. They applied the conversational pre-trained model ConveRT and
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utilized the rich semantic information embedded in the pre-trained vectors to solve
the problem of in-domain data insufficiency. The inputs of ConveRT were the re-
quested slots and the utterance, while the output was a span of interest as the slot

value.

2.5.3 Emotion Recognition

Emotion Recognition aims to classify the emotion polarities of the given input.
The emotion does not evenly spread across every input timestep. However, in
traditional deep learning algorithms for Emotion Recognition, all places of a par-
ticular sentence receive equal attention. In the attention mechanism, the model
focuses on some specific positions of the provided samples that are emotionally
salient, based on the attention weights given to each position of the data. Bidirec-
tional LSTM using a weighted-polling strategy was proposed by Mirsamadi et al.
[130] in an effort to identify more insightful aspects of emotion as opposed to
conventional Low-Level Descriptors (LLD) and High-level Statistical aggregation
Functions (HSF). This technique was inspired by the attention mechanism, which
enables the network to concentrate on emotionally significant sentence fragments
while ignoring silent acoustic frames. Its experiments on the IEMOCAP dataset
demonstrated that weighted pooling with local attention may outperform LSTM
with mean pooling, by balancing short-term characteristics at the frame level and
long-term aggregation at the utterance level. Later in 2019, Li et al. [131] intro-
duced a self-attentional CNN-BLSTM that outperformed the multi-channel CNN
[132] on the IEMOCAP dataset by 7.7%, which leveraged the attention mechanism
and multitask learning. Self-attention was used to enable the CNN-BLSTM model
to concentrate on the emotionally salient time steps and gender categorization was
used as an auxiliary task. A model based on a modified LSTM was proposed by Xie
et al. [133]. Their approaches were able to minimize the computational complex-
ity by replacing the LSTM'’s forgetting gate with an attention gate. By using the
attention mechanism on both the time and feature dimensions as opposed to only
forwarding the results of the previous LSTM iteration, they further improved the
representations. In this study, the output of the LSTM was conditioned on a num-
ber of time steps produced by the attention mechanism, as opposed to only being
determined by the outcome of the previous step. The features were then treated

in a similar way by forwarding them to the fully connected layer for classification.
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2.6 Dialogue Commonsense Reasoning

In all facets of Artificial Intelligence, from NLP to Computer Vision (CV), com-
monsense knowledge reasoning is essential. According to Davis and Marcus [134],
there are many difficulties in commonsense reasoning, ranging from the difficulty in
understanding and formulating commonsense knowledge for particular or general
domains, to the complexity in different types of reasoning and their integration for
problem-solving. Davis and Marcus [134] argued that in order to advance the field,
the community needs methods that can combine various forms of reasoning (such
as symbolic reasoning through deduction and statistical reasoning based on a lot of
data), as well as benchmarks and evaluation metrics that can quantitatively assess
the work of this field.

In this thesis, we study the neural-symbolic methods for Dialogue Commonsense
Reasoning (DCR). It is a new field of study that reasons the dialogue process
based on commonsense knowledge and dialogue history [22]. The commonsense
knowledge of most recent works on DCR is based on the symbolic information of
knowledge graphs. In general, these studies can be divided into two groups based

on the depth of the candidate knowledge explored.

By combining their shallow (i.e., 1-hop or 2-hop) neighborhood information in the
knowledge graph, the first line of studies, termed as breadth-centric techniques,
tend to focus on enhancing dialog context with entity representations [43, 135-
137]. Zhou et al. [138] propose to attentively attend to all 1-hop relations of each
initial entity that appears in the user’s utterance in order to encode an auxiliary
knowledge vector. The knowledge encoding technique proposed by Zhang et al.
[139] expanded the work to 2-hop relations, encoding all starting entities and their
1-hop neighbors using two separate attention processes. These works are effective
at finding appropriate relationships of the given entities inside the knowledge graph,
but they fall short when it comes to fetching a narrow set of knowledge pathways

specifically relevant to the conversation or generalizing to multi-hop interactions.

The second line of work, however, uses a depth-centric search across potential
knowledge pathways. They focus on exploring just a narrow range of entities and
relations that are specifically useful for response generation, rather than augment-
ing entity representation with a shallow but broad range of knowledge. A policy

network was used by Liu et al. [140] to traverse the KG, which was formulated as a
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Partially Observed Markov Decision Process. Moon et al. [22] proposed a recurrent
route decoder that selected the following item from a set of accessible nodes using
a hidden state vector. These models are capable of inferring multi-hop relations,
but they disregard the rich relational information of nodes and edges that they do
not explicitly choose to traverse. Jung et al. [21] compensated for the flaw by not
pre-selecting an ideal node; instead, it spread attention to every entity that can be
reached before determining an ideal path from the output attention distribution.
The KG walker in Jung et al. [21] was good at achieving optimal performance since
they reserved all potential paths, but such a mechanism is too high in computa-
tion complexity to be scalable to multi-hop reasoning. In addition, these reasoning
strategies neglected the hierarchical structure of the input source and made sep-
arate predictions for entity and relation paths, which affected their performance.
Ni et al. [13] mitigated these issues by proposing a hierarchical attention-based
Transformer that attentively leveraged the hierarchical dialogue history and KG
information with moderate computational complexity, being scalable to lengthy

sequences.

2.7 Backbones for Sequence Encoding and Trans-

duction

There have evolved many architectures [47] in the NLP community. Despite the
tremendous amount, most of them are based on Convolutional Neural Networks,
Recurrent Neural Networks, or Attention, which are the three main backbone mod-
els. Some of them [141], though being proposed earlier in time, still play an im-

portant role in this field.

In this section, we introduce the main backbone variants for natural language
encoding and transduction, including Convolutional Neural Networks, Recurrent
Neural Networks, Sequence-to-sequence Models, Memory Networks, Attention Net-
works, Transformers, Pointer Net, and CopyNet. The model background and prin-
ciples are introduced in detail. In addition, the evolution of these backbone models

is analyzed to reveal the relationships between them.
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FIGURE 2.1: A CNN architecture for text classification [1]

2.7.1 Convolutional Neural Networks

Deep neural networks have been considered as one of the most powerful models.
‘Deep’ refers to the fact that they are multilayer, which extracts features by stack-
ing feed-forward layers. Feed-forward layers can be defined as: y = o(Wz + b).
Where the o is an activation function; W and b are trainable parameters. The
feed-forward layers are powerful due to the activation function, which makes the
otherwise linear operation, non-linear. Whereas there exist some problems when
using feed-forward layers. Firstly, the operations of feed-forward layers or multi-
layer neural networks are just template matching, where they do not consider the
specific structure of data. Furthermore, the fully connected mechanism of tradi-
tional multilayer neural networks causes an explosion in the number of parameters
and thus leads to generalization problems. [142] proposed LeNet-5, an early Con-
volutional Neural Network (CNN). The invention of CNNs mitigates the above

problems to some extent.
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CNNs (Figure 2.1) usually consist of convolutional layers, pooling layers, and feed-
forward layers. Convolutional layers apply convolution kernels to perform the con-

volution operation:

G(m,n) = (fh)(m,n) =3 > h(j k) f(m = j,n = k) (2.1)

Where m and n are respectively the indexes of rows and columns of the result
matrix. f denotes the input matrix and h denotes the convolutional kernel. The
pooling layers perform down-sampling on the result of convolutional layers to get
a higher level of features and the feed-forward layers map them into a probability

distribution to predict class scores.

A sliding window feature enables convolution layers to capture local features and
the pooling layers can produce hierarchical features. These two mechanisms give
CNNs the local perception and global perception ability, helping to capture some
specific inner structures of data. The parameter sharing mechanism eases the
parameter explosion problem and overfitting problem because the reduction of
trainable parameters leads to less model complexity, improving the generalization
ability.

Due to these good properties, CNNs have been widely applied in many works.
Among them, the Computer Vision tasks benefit the most for that the Spatio-
temporal data structures of images or videos are perfectly captured by CNNs. For
more detailed mechanism illustrations and other variants of CNNs, readers can

refer to these representative algorithm papers or surveys: [143-149].

Recent years have seen a dramatic increase in applications of CNNs in NLP. Many
tasks take words as basic units. However, phrases, sentences, or even paragraphs
are also useful for semantic representations. As a result, CNNs are an ideal tool

for the hierarchical modeling of language [150].
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2.7.2 Recurrent Neural Networks and Sequence-to-sequence

Models

NLP tasks including dialogue-related tasks try to process and analyze sequential
language data points. Even though standard neural networks, as well as CNNs,
are powerful learning models, they have two main limitations [151]. One is that
they assume the data points are independent of each other. While it is reasonable
if the data points are produced independently, essential information can be missed
when processing interrelated data points (e.g., text, audio, video). Additionally,
their inputs are usually of fixed length, which is a limitation when processing
sequential data varying in length. Thus, a sequential model being able to represent

the sequential information flow is desirable.

Markov models like Hidden Markov Models (HMMs) are traditional sequential
models, but due to the time complexity of the inference algorithm [152] and because
the size of the transition matrix grows significantly with the increase of the discrete
state space, in practice they are not applicable in dealing with problems involving
large possible hidden states. The property that the hidden states of Markov models
are only affected by the immediate hidden states further limits the power of this

model.

RNN models are not proposed recently, but they greatly solve the above problems
and some variants can amazingly achieve state-of-the-art performance in dialogue-
related tasks as well as many other NLP tasks. The inductive bias of recurrent
models is non-replaceable in many scenarios, and many up-to-date models incor-

porate the recurrence.

2.7.2.1 Jordan-Type and Elman-Type RNNs

In 1982, Hopfield introduced an early family of RNNs to solve pattern recognition
tasks [153]. [154] and [155] introduced two kinds of RNN architectures respectively.
Generally, modern RNNs can be classified into Jordan-type RNNs and Elman-type
RNNs.

The Jordan-type RNNs are shown in Figure 2.2a. z;, h;, and y; are the inputs,
hidden state, and output of time step ¢, respectively. Wy, W, and U} are weight
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FI1GURE 2.2: Graphical models of two basic types of RNNs

matrices. Each update of the hidden state is decided by the current input and the
output of the last time step while each output is decided by the current hidden

state. Thus the hidden state and output of time step t can be calculated as:
hy = on(Whay + Upyi—1 + bp) (2.2)

Yy = Uy(Wyht + by) (23)
Where bj, and b, are biases. o}, and o, are activation functions.

The Elman-type RNNs are shown in Figure 2.2b. The difference is that each hidden
state is decided by the current input and the hidden state of the last time step.
Thus the hidden state and output of time step ¢ can be calculated as:

ht = O'h(tht + Uhht,1 + bh) (24)

Y = Uy(Wyht + by) (2.5)

Simple RNNs can model long-term dependencies theoretically. But in practical
training, long-range dependencies are difficult to learn [156, 157]. When backprop-
agating errors over many time steps, simple RNNs suffer from problems known

as gradient vanishing and gradient explosion [141]. Some solutions were proposed
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to solve these problems [158, 159], which led to the invention of some variants of

traditional recurrent networks.

2.7.2.2 LSTM

[141] introduced gate mechanisms in LSTM mainly to address the gradient van-
ishing problem. Input gate, forget gate, and output gate were introduced to decide
how much information from new inputs and past memories should be reserved.

The model can be described by the following equations:

WO — tanh <waq;<t> L WD 4 b,;) (2.6)
i = o (Wirg® 4 Wwirpt=1 1) (2.7)
AR (fox(t) + wihpED L bf) (2.8)
oM = o (Womz® + Worpt=D 4 p,) (2.9)
s = 1O i 4 -1 @ £ (2.10)

hY = tanh(s?) © o® (2.11)

Where t represents time step t. i, f, and o are gates, denoting input gate, forget
gate, and output gate respectively. z, lAz, s, and h are input, short-term memory,
long-term memory, and output respectively. b is bias and W is weight matrix. ®

denotes element-wise multiplication.

The intuition of the term “Long Short-Term Memory” is that the proposed model
applies both long-term and short-term memory vectors to encode the sequential
data, and uses gate mechanisms to control the information flow. The performance
of LSTM is impressive since it achieved state-of-the-art results in many NLP tasks

as a backbone model although this model was proposed in 1997.
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2.7.2.3 GRU

Inspired by the gating mechanism, [160] proposed Gated Recurrent Unit (GRU),

which can be modeled by the equations:

20 = o (W2a® + Uht=) 4+ p.) (2.12)
O (WT:c(t) +UTRD 4 b,) (2.13)

WY = tanh (Wh2® + U"(r® © RV 4 by,) (2.14)
RO = (1= 20) @ pED 4 20 @ [ (2.15)

Where t represents time step t. z and r are gates, denoting the update gate and
reset gate respectively. z, h and h are input, candidate activation vector and output
respectively. b is bias while W and U are weight matrices. ©® denotes element-wise

multiplication.

LSTM and GRU, as two types of gating units, are very similar to each other [161].
The most prominent common point between them is that from time step ¢ to
time step ¢ + 1, an additive component is introduced to update the state whereas
simple RNNs always replace the activation. Both LSTM and GRU keep certain
old components and mix them with new contents. This property enables the units
to remember the information of history steps farther back and, more importantly,

avoid gradient vanishing problems when backpropagating the error.

There also exist several differences between them. LSTM exposes its memory
content under the control of the output gate, while the same content in GRU
is in an uncontrolled manner. Additionally, different from LSTM, GRU does not
independently gate the amount of new memory content being added. And if looking
from the experimental perspective, GRU has fewer parameters, which contributes
to its faster convergence and better generalization ability. It has also been shown
that GRU can achieve better performance in smaller datasets [161]. However, [162]
showed that LSTM cells exhibited consistently better performance in a large-scale

analysis of Neural Machine Translation.
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2.7.2.4 Bidirectional Recurrent Neural Networks

In sequence learning, not only the past information is essential to the model infer-
ence, but the future information should also be considered to achieve a better infer-
ence ability. [163] proposed the bi-directional recurrent neural networks (BRNNs),
which had two kinds of hidden layers: the first encoded information from past time
steps while the second encoded information in a flipped direction. The model can

be described using the equations:

B — (thx(t) + WD) 4 by ) (2.16)
L — 4 (szx(t) + WL 4 b) (2.17)
JU = softmax (WY"h® + W2 4-3,) (2.18)

Where h and z are the two hidden layers. Other variables are defined in the same
way as in the case of LSTMs and GRUs.

2.7.2.5 Vanilla Sequence-to-sequence Models
(Encoder-decoder Models)

[164] first proposed the sequence-to-sequence model to solve the machine trans-
lation tasks. The sequence-to-sequence model aimed to map an input sequence
to an output sequence by first using an encoder to map the input sequence into
an intermediate vector and a decoder further generated the output based on the
intermediate vector and history generated by the decoder. The equations below

illustrate the encoder-decoder model:

Encoder : hy = E(hy_1, ;) (2.19)

Decoder : y, = D(hy, yi—1) (2.20)

Where t is the time step, h is the hidden vector and y is the output vector. E and
D are the sequential cells used by the encoder and decoder respectively. The last

hidden state of the encoder is the intermediate vector, and this vector is usually
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used to initialize the first hidden state of the decoder. At encoding time, each
hidden state is decided by the hidden state of the previous time step and the input
at the current time step, while at decoding time, each hidden state is decided by

the current hidden state and the output of the previous time step.

This model is powerful because it is not restricted to fixed-length inputs and out-
puts. Instead, the length of the source sequence and target sequence can differ.
Based on this model, many more advanced sequence-to-sequence models have been

developed, which will be discussed in this and subsequent sections.

2.7.2.6 Hierarchical Recurrent Encoder-Decoder (HRED)

Hierarchical Recurrent Encoder-Decoder (HRED) is a context-aware sequence-to-
sequence model. It was first proposed by [165] to address the context-aware online
query suggestion problem. It was designed to be aware of historical queries and

the proposed model can provide rare and high-quality results.

With the popularity of the sequence-to-sequence model, [2] extended HRED to the
dialogue domain and built an end-to-end context-aware dialogue system. HRED
achieved noticeable improvements in dialogue and end-to-end question answering.
This work attracted even more attention than the original paper for that dialogue
systems are a perfect setting for the application of HRED. Traditional dialogue
systems [166] generated responses based on the single-turn messages, which sacri-
ficed the information in the dialogue history. [167] combined dialogue history turns
with a window size of 3 as the input of a sequence-to-sequence model for response
generation, which is limited as well for that they encode the dialogue history only in
token-level. The “turn-by-turn” characteristic of dialogue indicated that the turn-
level information also matters. The HRED learned both token-level and turn-level

representation, thus exhibiting promising dialogue context awareness.

Figure 2.3 represents the HRED in a dialogue setting. HRED models the token-
level and turn-level sequences hierarchically with two levels of RNNs: a token-level
RNN consisting of an encoder and a decoder, and a turn-level context RNN. The
encoder RNN encodes the utterance of each turn token by token into a hidden state.
This hidden state is then taken as the input of the context RNN at each turn-level
time step. Thus the turn-level context RNN iteratively keeps track of the history
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utterances. The hidden state of context RNN at turn ¢ represents a summary of
the utterances up to turn ¢ and is used to initialize the first hidden state of decoder
RNN, which is similar to a standard decoder in sequence-to-sequence models [164].
All of the three RNNs described above apply GRU cells as the recurrent unit, and

the parameters of the encoder and decoder are shared for each utterance.

[168] further proposed Latent Variable Hierarchical Recurrent Encoder-Decoder
(VHRED) to model complex dependencies between sequences. Based on HRED,
VHRED combined a latent variable into the decoder and turned the decoding pro-
cess into a two-step generation process: sampling a latent variable at the first step
and then generating the response conditionally. VHRED was trained with a vari-
ational lower bound on the log-likelihood and exhibited promising improvement in

the diversity, length, and quality of generated responses.

2.7.3 Memory Networks

Memory is a crucial component when addressing problems regarding past experi-
ences or outside knowledge sources. The hippocampus of human brains and the
hard disk of computers are the components that humans and computers depend

on for reading and writing memories. Traditional models rarely have a memory
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FIGURE 2.4: The structure of end-to-end memory networks [3]

component, thus lacking the ability of knowledge reusing and reasoning. RNNs it-
eratively pass history information across time steps, which, to some extent, can be
viewed as a memory model. However, even for LSTM, which is a powerful variant
of RNN equipped with long-term and short-term memory, the memory module is
too small and facts are not explicitly discriminated, thus not being able to compress

specific knowledge facts and reuse them in tasks.

[169] proposed memory networks, a model that is endowed with a memory compo-
nent. As described in their work, a memory network has five modules: a memory
module that stores the representations of memory facts; an ‘I’ module that maps
the input memory facts into embedded representations; a ‘G’ module that decides
the update of the memory module; an ‘O’ module which generates the output con-
ditioned on the input representation and memory representation; an ‘R’ module
which organizes the final response based on the output of ‘O’ module. This model
needs a strong supervision signal for each module and thus is not practical to train

in an end-to-end fashion.

[3] extended their prior work to an end-to-end memory network, which was com-

monly accepted as a standard memory network being easy to train and apply.
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Figure 2.4 represents the proposed end-to-end memory networks. Its architecture

consists of three stages: weight calculation, memory selection, and final prediction.

Weight calculation. The model first converts the input memory set {z;} into
memory representations {m;} using a representation model A. Then it maps the
input query into its embedding space using another representation model B, ob-

taining an embedding vector u. The final weights are calculated as follows:

pi = Softmax(u’m;) (2.21)
Where p; is the weight corresponding to each input memory x; conditioned on the
query.

Memory selection. Before generating the final prediction, a selected memory
vector is generated by first encoding the input memory z; into an embedded vector
¢; using another representation model C'; then calculating the weighted sum over

the {¢;} using the weights calculated in the previous stage:
0= Zpici (2.22)

Where o represents the selected memory vector. This vector cannot be found in
memory representations. The soft memory selection facilitates differentiability in

gradient computing, which makes the whole model end-to-end trainable.

Final prediction. The final prediction is obtained by mapping the sum vector of

the selected memory o and the embedded query w into a probability vector a:

& = Softmazx(W(o+ u)) (2.23)

2.7.4 Attention and Transformer

As introduced in § 2.7.2, traditional sequence-to-sequence models decode the token

conditioning on the current hidden state and output vector of the last time step,
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FIGURE 2.5: The graphical illustration of the attention model [4]

which is formulated as:

P(yi|y17 ~-~,yz‘—1,9€) = g(yi—hhi) (2-24)

Where g is a sequential model which maps the input vectors into a probability

vector.

However, such a decoding scheme is limited when the input sentence is long. RNNs
are not able to encode all information into a fixed-length hidden vector. [73] proved
via experiments that a sequence-to-sequence model performed worse when the input
sequence got longer. Also, for the limited-expression ability of a fixed-length hidden
vector, the performance of the decoding scheme in Equation (2.24) largely depends
on the first few steps of decoding, and if the decoder fails to have a good start, the

whole sequence would be negatively affected.

2.7.4.1 Attention

[4] proposed the attention mechanism in the machine translation task. They de-
scribed the method as “jointly align and translate”, which illustrated the sequence-
to-sequence translation model as an encoder-decoder model with attention. At the
decoding stage, each decoding state would consider which parts of the encoded

source sentence are correlated, instead of depending only on the immediate prior
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output token. The output probability distribution can be described as:

P(?Ji|?/1, ~~-7yi—1,$) = 9(%‘—17 SuCz‘) (2-25)

Where i denotes the it time step; y; is the output token, s; is the decoder hidden

state and ¢; is the weighted source sentence:

si = f(sic1,Yi1,¢) (2.26)
Ty

C;, = Z Oéijhj (227)
j=1

Where «;; is the normalized weight score:

exp(e;;)

S AN P 2.28
>ty expleir) 22

Oéij
e;; is the similarity score between s;_; and 4t encoder hidden state hj, where the

score is predicted by the similarity model a:
€ij = (1,(5@',1, h]) (229)

Figure 2.5 illustrates the attention model, where t and T" denote the time steps of

the decoder and encoder respectively.

Memory networks are similar to attention networks in the way they operate, except
for the choice of the similarity model. In memory networks, the encoded memory
can be viewed as the encoded source sentence in attention. However, the memory
model proposed by [3] chose cosine distance as the similarity model while the
attention proposed by [4] used a feed-forward network which is trainable together

with the whole sequence-to-sequence model.

2.7.4.2 Transformer

Before Transformers, most works combined attention with recurrent units, except
for a few works such as [170] and [171]. Recurrent models condition each hidden
state on the previous hidden state and the current input and are flexible in sequence

length. However, due to their sequential nature, recurrent models cannot be trained
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in parallel, which severely undermines their potential. [5] proposed Transformer,
which entirely utilized attention mechanisms without any recurrent units and de-
ployed more parallelization to speed up training. It applied self-attention and

encoder-decoder attention to achieve local and global dependencies respectively.

Figure 2.6 represents the Transformer. The following details its key mechanisms.
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FIGURE 2.6: The Transformer model [5]

Encoder-decoder The Transformer consists of an encoder and a decoder. The
encoder maps the input sequence (1, ..., z,) into continuous hidden states (z1, ..., z,).
The decoder further generates the output sequence (yi,...,y,) based on the hid-

den states of the encoder. The probability model of the Transformer is in the same
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form as that of the vanilla sequence-to-sequence model introduced in § 2.7.2.5. [5]
stacked 6 identical encoder layers and 6 identical decoder layers. An encoder layer
consists of a multi-head attention component and a simple feed-forward network,
both of which apply residual structure. The structure of a decoder layer is almost
the same as that of an encoder layer, except for an additional encoder-decoder
attention layer, which computes the attention between the decoder hidden states
of the current time step and the encoder output vectors. The input of the decoder
is partially masked to make sure that each prediction is based on the previous
tokens, avoiding predicting with the presence of future information. Both inputs

of the encoder and decoder use a positional encoding mechanism.

Self-attention For an input sentence x = (z1, ..., z,), each token x; corresponds
to three vectors: query, key, and value. The self-attention computes the attention
weight for every token x; against all other tokens in z by multiplying the query of
x; with the keys of all the remaining tokens one by one. For parallel computing,
the query, key, and value vectors of all tokens are combined into three matrices:
Query (Q), Key (K), and Value (V). The self-attention of an input sentence z is
computed by the following formula:

T

Attention(Q, K, V) = softmcwc(?/d_
k

W (2.30)

Where d}, is the dimension of queries or keys.

Multi-head attention To jointly consider the information from different sub-
spaces of embedding, query, key, and value vectors are mapped into h vectors
of identical shapes by using different linear transformations, where A denotes the
number of heads. Attention is computed on each of these vectors in parallel, and
the results are concatenated and further projected. The multi-head attention can

be described as:

MultiHead(Q, K, V) = Concat(head,, ..., head),)W©° (2.31)

Where head; = Attention(QW2, KWK, VWY) and W denotes the linear transfor-

mations.
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Positional encoding The proposed Transformer architecture has no recurrent
units, which means that the order information of the sequence is dismissed. The
positional encoding is added with input embeddings to provide positional informa-

tion. Cosine functions were chosen for positional encoding:
PE(pos2i) = sin(pos 100002/ dmoder) (2.32)

P E(pos 2i11) = €08(pos /100007 tmoaet) (2.33)

Where pos denotes the position of the target token and ¢ denotes the dimension,
which means that each dimension of the positional matrix uses a different wave-

length for encoding.

Transformer-based pre-train models and Transformer variants Recently,
many Transformer-based pre-train models have been developed. Unlike Embed-
dings from Language Model (ELMo) proposed by [97], which is an LSTM-based
contextual embedding model, Transformer-based pre-train models are more pow-
erful. Two representative models are GPT-2 [172] and BERT [173]. GPT-2 and
BERT both consist of 12 Transformer blocks and BERT is further improved by
making the training bi-directional. They are powerful due to their capability of
adapting to new tasks after pre-training. This property helped achieve significant
improvements in many NLP tasks. There also evolve many Transformer variants
[174-176], which are designed to reduce the model parameters/computational com-
plexity or improve the performance of the original Transformer in diverse scenarios.
[177] and [178] systematically summarize the state-of-the-art Transformer variants

for academics that are interested.

2.7.5 Pointer Net and CopyNet
2.7.5.1 Pointer Net
In some NLP tasks like dialogue systems and question-answering, the agents some-

times need to directly quote from the user message. Pointer Net [6] (Figure 2.7)

solved the problem of directly copying tokens from the input sentence.
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(A) Sequence-to-sequence (B) Pointer Net

FIGURE 2.7: (a) Sequence-to-sequence - The RNN (blue) processes the input
sequence to produce a code vector, which is then used by the probability chain
rule and another RNN to generate the output sequence (purple). The dimen-
sionality of the problem determines the output dimensionality, which remains
constant through training and inference. (b) Pointer Net - The input sequence
is converted to a code (blue) by an encoding RNN, which is fed to the generat-
ing network (purple). The generating network generates a vector at each step
that modulates a content-based attention process across inputs. The attention
mechanism produces a softmax distribution with a dictionary size equal to the
input length. [6]

Traditional sequence-to-sequence models [164, 179] with an encoder-decoder struc-
ture map a source sentence to a target sentence. Generally, these models first map
the source sentence into hidden state vectors with an encoder and then predict
the output sequence based on the hidden states. The sequence prediction is ac-
complished step-by-step, with each step predicting one token using greedy search
or beam search. The overall sequence-to-sequence model can be described by the

following probability model:

m(P)
P(CP|P§ 0) = H p(Gi|Cy, ..., Ciy, P30) (2.34)

i=1
Where (P, C,) constitutes a training pair, P = {P, ..., P,} denotes the input se-
quence and Cy, = {C1, ..., Cp,(p) } denotes the ground target sequence. 6 is a decoder

model.
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The sequence-to-sequence models have vanilla backbones and attention-based back-
bones. Vanilla models predict the target sequence based only on the last hidden
state of the encoder and pass it across different decoder time steps. Such a mech-
anism restricts the information received by the decoder at each decoding stage.
Attention-based models consider all hidden states of the encoder at each decod-
ing step and calculate their importance when utilizing them. To compare the
mechanism of Pointer Net and Attention, we present the equations explained in
Section 2.7.2 here again. The decoder predicts the token conditioned partially on

the weighted sum of encoder hidden states d;:
Ty
j=1

Where «;; is the normalized weight score:

_ exp(e;j)
Z;;Fil exp(eik)

ei; is the similarity score between s;_; and jth encoder hidden state h;, where the

(2.36)

Ozij

score is predicted by the similarity model a:

€ij = G(Si_l, hj) (237)

At each decoding step, both vanilla and attention-based sequence-to-sequence mod-
els predict a distribution over a fixed dictionary X = {1, ..., x,}, where z; denotes
the tokens and n denotes the total count of different tokens in the training corpus.
However, when copying words from the input sentence, we do not need such a
large dictionary. Instead, n equals to the number of tokens in the input sequence
(including repeated ones) and is not fixed since it changes according to the length
of the input sequence. Pointer Net made a simple change to the attention-based
sequence-to-sequence models: instead of predicting the token distribution based
on the weighted sum of encoder hidden states d;, it directly used the normalized

weights «; as predicted distribution:

P(CZ’Oh ...,Oi_l,P) = O (238)
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FIGURE 2.8: The overall architecture of CopyNet [7]

Where q; is a set of probability numbers {a}, ..., oz{ } which represents the prob-
ability distribution over the tokens of the input sequence. Obviously, the token
prediction problem is now transformed into position prediction problem, where the
model only needs to predict a position in the input sequence. This mechanism is

like a pointer that points to its target, hence the name “Pointer Net”.

2.7.5.2 CopyNet

In real-world applications, simply copying from the source message is not enough.
Instead, in tasks like dialogue systems and QA, agents also require the ability to
generate words that are not in the source sentence. CopyNet [7] (Figure 2.8) was
proposed to incorporate the copy mechanism into traditional sequence-to-sequence
models. The model decides at each decoding stage whether to copy from the source

or generate a new token not in the source.

The encoder of CopyNet is the same as that of a traditional sequence-to-sequence
model, whereas the decoder has some differences compared with a traditional
attention-based decoder. When predicting the token at time step ¢, it combines

the probabilistic models of generate-mode and copy-mode:

P(yt|3ta Yt—1, Ct, M) = Pg(yt|3ta Yi—1, Ct, M) + Pc(yt|5t7yt—1a Ct, M) (2-39)
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Where t is the time step. s; is the decoder hidden state and y; is the predicted
token. ¢; and M represent the weighted sum of encoder hidden states and encoder

hidden states respectively. g and ¢ are generate-mode and copy-mode respectively.

Besides, though it still uses y;_; and weighted attention vector ¢; to update the
decoder hidden state, y; 1 is uniquely encoded with both its embedding and its
location-specific hidden state; also, CopyNet combines attentive read and selective
read to capture information from the encoder hidden states, where the selective
read is the same method used in Pointer Net. Different from the Neural Turing
Machines [179, 180], the CopyNet has a location-based mechanism that enables the

model to be aware of some specific details in training data in a more subtle way.

2.8 Summary

In this chapter, we discuss the attention optimization works that studied the inher-
ent issues of the attention mechanism. In addition, we review the recent advances
in sub-symbolic-based and neural-symbolic-based NLP tasks. More specifically,
for sub-symbolic-based tasks, we discuss Machine Translation, Language Model-
ing, Abstractive Summarization, and Spoken Language Understanding; for neural-
symbolic-based tasks, we discuss Dialogue Commonsense Reasoning. Generally,
for all NLP tasks discussed, attention-based models have become a better choice.
Moreover, pre-trained attention-based models are becoming a trend in the whole
NLP community, since they learn massive knowledge on a large corpus and greatly

advance the state of the arts.

Moreover, we introduce the main backbone variants for sequence encoding and
transduction, including Convolutional Neural Networks, Recurrent Neural Net-
works, Sequence-to-sequence Models, Memory Networks, Attention Mechanisms,
Transformers, Pointer Net, and CopyNet. The model backgrounds and principles
are introduced in detail. In addition, the evolution of these backbone models is

analyzed to reveal the relationships between them.






Chapter 3

Grouped Head Attention for

Language Transduction

3.1 Introduction

Transformer [23] has shown promising performance across various tasks . How-
ever, it has some issues, e.g., redundancy and over-parameterization, which is
mainly caused by Multi-Head Attention (MHA) [15, 16] and Feed-Forward Net-
work (FEFN) [27, 36, 182] of Transformer. We mean to mitigate the redundancy
and over-parameterization issues by optimizing the MHA module. The multi-
heads were originally designed to attend to different representation subspaces of
input [23]. However, prior works [15, 16] have shown that the attention heads are
highly redundant and over-parameterized after training because some heads can be
switched off with a negligible performance drop. Such an issue is probably caused
by their parallel design: the heads mean to work in the same way and likely attend

to similar feature subspaces [183].

The prior redundancy optimization methods were mainly based on homogeniza-

tion, diversification, and head significance. However, they all have some limits. The

* This chapter is published with material from: Jinjie Ni, Rui Mao, Zonglin Yang, Han Lei,
Erik Cambria. Finding the Pillars of Strength for Multi-Head Attention. In Proceedings of the
Annual Meeting of the Association for Computational Linguistics (ACL 2023) [181].

49
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homogenization-based method mitigates redundancy and over-parameterization by
homogenizing the heads and removing unnecessary parameters. The diversification-
based method diversifies the heads to enrich features and reduce inter-head redun-
dancy. Specifically, Cordonnier et al. [70] homogenized attention heads by sharing
most weights between all heads, which reduced the redundant information but
sacrificed the performance somewhat because of the lack of diversity; Li et al.
[26] found that diversifying attention heads by adding a regularization could force
MHA to reduce inter-head information redundancy, yielding performance gains to
Machine Translation. Whereas, keeping all feature subsets is sub-optimal, because
it does not address the issue that MHA is over-parameterized. The significance-
based methods [15, 16, 69] learn significance scores for the heads to prune down
insignificant ones. However, the remaining important heads still remain inter-head

redundancy without diversifying them.

To solve the issues of the above-mentioned methods and inspired by the minimum-
redundancy feature selection [184], we hypothesize that attending to the most rep-
resentative and distinctive feature subsets can achieve more effective and efficient
MHAs. Accordingly, we propose a divide-and-conquer strategy, including Group-
Constrained Training (GCT) and a Voting-to-Stay (V2S) procedure to mitigate the

redundancy and over-parameterization issues. We illustrate the strategy below.

We first propose a strategy to group and distinguish attention heads. Grouped
Head Attention (GHA) is obtained via self-supervised Group-Constrained Train-
ing (GCT). By encouraging homogenization within a group and diversification
between groups, the MHA is forced to divide its heads to work in several separate
groups, where each group focuses on an essential but unique feature subset. In
GCT, both homogenization and diversification reduce the redundancy of MHA.
Note that the essence of redundancy is the model’s learning ability being more
than enough to process the current information [70]. Accordingly, homogenization
reduces parameter redundancy by removing extra parameters to lower the model’s
learning ability; whereas diversification reduces information redundancy by forcing
the model to attend to more diversified information so that the information to pro-
cess matches the learning ability. The post-grouped attention (GHA) heads take

advantage of the following two aspects:

e The inter-group diversification reduces information redundancy, forcing dif-

ferent groups to attend to the subspaces with very different features, resolving
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the drawbacks of homogenization- and significance-based methods.

e The intra-group homogenization reduces parameter redundancy by making
the intra-group heads become similar. Thus, they can be pruned later for bet-

ter parameter efficiency, compared to previous diversification-based methods.

Next, we show that GHA-PS (GHA with the Pillar of Strength), a lighter-weight
GHA, can be achieved by excluding the redundant parameters of GHA via the
V2S procedure. V2S culls the redundant heads that share similar patterns with
the most representative head (PS head) of a group. The PS head of a group is
selected by voting on different training batches. Note that upon the convergence
of the GCT, the heads are highly homogenized within a group, and thus being re-
dundant because they process similar information. As a result, once the redundant
heads are culled, the PS heads can still achieve the essential utility of the origi-
nal attention layer and yield comparable performance to the unculled model. The
Lottery Ticket hypothesis [185] argued that there exist subnetworks in an over-
parameterized neural network, which can converge faster and achieve comparable
or even better performance than the original network. Our GHA-PS achieving

greater results is also in line with this hypothesis.

We evaluate our method on three benchmarking tasks. We denote the correspond-
ing Transformer architectures of GHA and GHA-PS as Grouped Head Transform-
ers (GHT) and Grouped Head Transformers with the Pillars of Strength (GHT-
PS), respectively. GHT and GHT-PS achieve significant improvements over the
strong baselines in Machine Translation BLEU scores (+3.8% and +4.4% averaged
on 7 translation tasks), Language Modeling perplexity (-2.8% and -2.9%), and
Abstractive Summarization F1-Rouge (+6.7% and +7.0% on average). GHT-PS
exhibits higher efficiency in model size, inference speed, and floating-point oper-
ations (FLOPs). The light architecture of GHT-PS reduces 63.6% parameters of

the vanilla Transformer and yields comparable performance.

Our contribution is summarized as threefold:

e We find that, in a certain range, higher compactness of attention heads (i.e.,
the intra-group heads become closer to each other and the inter-group ones
become farther) improves MHA’s performance, which forces the MHA to fo-
cus on the most representative and distinctive features. It provides guidance

for future architectural designs.
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e We propose a divide-and-conquer strategy that consists of GCT and V2S.
It mitigates the redundancy and over-parameterization issues of MHA. Our
method uses fewer parameters and achieves better performance, outperform-

ing the existing MHA redundancy/parameter reduction methods.

e We verify our methods on three well-established NLP tasks. The superior
results on datasets with multiple languages, domains, and data sizes demon-

strate the effectiveness of our method.

3.2 Related Work

Parameter efficiency. Different methods were proposed to achieve lightweight
Transformers: (a) replacing attention with lightweight modules, e.g., convolution
modules, such as Dynamic Conv [36] and Lite Transformer [27]; (b) removing or
replacing the feed-forward layers, such as Sukhbaatar et al. [182] and Wu et al.
[27]; (c) pruning the model, such as Michel et al. [15], Voita et al. [16], and Li et al.
[69].

Modified multi-head mechanism. Ahmed et al. [186] learned to weight the
projected output of different heads, performing weighted sum over them. Li et al.
[187] aggregated the output of different heads by dynamic routing; Cui et al. [188]
used different attention mechanisms, e.g., global/local and forward/backward at-
tention for different heads; Shazeer et al. [67] mixed different heads before and after

the softmax operation in an attention function to achieve communication between

heads.

Head redundancy optimization. Michel et al. [15] and Voita et al. [16] found
that only a subset of the attention heads have significant utilities in Transformer,
where the important heads could be identified by Expected Sensitivity and Layer-
wise Relevance Propagation (LRP) [68]. Upon this, Li et al. [69] learned per-head
importance scores and pruned the heads. Cordonnier et al. [70] homogenized the
attention heads by sharing a part of the weights between heads, which lowered

the number of parameters but sacrificed performance. Li et al. [26] found that
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diversifying attention heads by adding a regularization can force MHA to reduce

inter-head redundancy, yielding performance gains for Machine Translation.

As argued before, previous methods either traded performance for efficiency or

retained extra redundancy /parameters for effectiveness.

3.3 Methodology

There are two core components in our method, namely the Group-Constrained
Training (GCT) and the Voting-to-Stay (V2S) procedure. GHA is developed with
GCT that removes head redundancy; GHA-PS is developed by removing the redun-
dant parameters of GHA in V28S. In this section, we detail the process of developing
the GHA and finding its Pillars of Strength (PS).

3.3.1 Grouped Head Attention with Hidden Units

First, we detail the core module of GHT, the GHA with hidden units, where heads
in a layer are grouped via GCT. GCT enhances the group patterns of attention,
performing homogenization and diversification on MHA. Heads within a group will
be more similar, whereas heads between groups will be more different. Thus, MHA
is forced to divide its heads to work in several separate groups, each group focusing
on an essential but unique feature subset, where the head redundancy is reduced.

We will demonstrate the effectiveness in § 3.5.

Given a Transformer model f(x;0) with n attention layers, the set of heads at
attention layer [ is denoted as H; = {hy, ..., hy;}, where k is the number of heads.
The outputs of attention heads are concatenated and projected with W, where
the i-th head output o;; in layer [ results from the computation of the projection
matrices W2 W-Ij, and VVZ\l’ of this head:

a0 A

MHA(Q, K, V) = Concate(oy, ..., okyl)WOUt (3.1)

QW) (KWK)T
N

)(VIVY) (3:2)

0;; = softmax(
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FicURE 3.1: The Grouped Head Attention. The heads in a group are under
self-supervision of the discovered group hidden units (Eq.3.4). The non-PS heads
(gray dashed boxes in a group) will be culled in the VS procedure (Algorithm
1). Sk denotes the k-th representation subspace; FM¢ denotes the C-th feature
map group.

Three feature maps (FMs) of GHA are extracted for the self-supervised GCT:
the output of VWV, denoted as V, = {vis,...;Vis} (the value FM); the atten-
tion weights of the I-th layer, denoted as A;= {a;,,...,a;;} (the attention FM);
the output of the [-th layer before the output projection W%, denoted as O;=
{014, ...,08,} (the head output FM). V = {Vl,...,vl}, A =1{A .., A}, O=
{Oy, ..., O;}. Given the FMs, a Hidden Unit Discovery System (HUDS) Q2 assigns
a hidden unit Z‘Z’l for each head (i denotes the i-th head; j denotes the j-th group
hidden unit, Zg,z € {z},...,z{}) to represent its group property. The discovered
hidden units are denoted as Z; = {z;y,...,2:;}. Z; = Q(E;), where E; denotes
either one of the VZ, Ay, or O;. Q(-) is an unsupervised algorithm that divides

the heads into C' groups given their FMs, such as K-means:

C
QE) = argzminz > lx = (3.3)

i=1 xch

Where E} is the set of feature maps of the ¢-th head group in the [-th attention
layer, and thus the feature map groups are denoted as E, = {Ell, - E}, e Elc} b
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is the mean of feature map vectors in E.

The hidden units are C-class categorical variables (Eq.3.4(A)) or continuous vectors
(Eq.3.4(B)) to supervise the GCT. The objective of the self-supervised GCT is

termed as:

L.(f;A,V,0,Z) =

n k
_%O‘ZZIOQpz(zi,l|vi,l7ai,l70i,l) lmﬁzz Z log p-(z 2|V117 11l7 le) (A)

=1 i=1 = 1 i=1 joF#£j1

1 n k
%a E g Sp(vi,hai,boi,l;zi,l)

=1 i=1 2 =1 j1=1jo=j1+1

Zl sz (B)
(3.4)

Either when z is categorical variables (Eq.3.4(A)) or continuous vectors (Eq.3. 4(B))
the objective is composed of a homogenization term and a diversification term. VZ b

a; /., and 0” denote the feature maps of the i-th head belonging to the j-th group.
D2(Zi1| Vi, @i, 0:;) denotes the probability of predictions on the hidden variable z;,
given v;,, a;;, and 0;;. ¢(x;y) denotes a cosine similarity measurement between x
and y (following Li et al. [26]). @(Vis, @i, 0i152i1) = T10(Vig; Zig) + Top(@is; Zig)
+ 73¢(04; Zi;), where 7 is a coeflicient, determined by the specific settings for each
dataset & task. When z is a categorical variable, the grouping is a classification
task whose classification heads project the output into C' classes. When z is a
continuous vector, the grouping process is a metric learning task whose similarity
computations are conducted between z and the projected FM representations. In
both conditions, GHA is supervised by z to make the heads in the same group
yield similar patterns, whereas those in different groups repulse from each other.
The overall objective is given by L = L; + L., where L, is a task-specific objective.
The coefficients a and 5 of Eq.3.4 respectively control the intra-group homology
and inter-group diversity degrees to achieve different group intensities in different
tasks/datasets.

3.3.2 The Pillars of Strength

Given the Lottery Ticket hypothesis [185], we establish the GHT-PS from GHT
as its subnetwork by removing redundant parameters from GHA, which is the
core module of GHT. We propose the V2S procedure that finds out the Pillars
of Strength (PS) heads that constitute the core of the GHA and removes other
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Algorithm 1 The Voting-to-Stay (V2S) algorithm

1: Procedure Voting-to-Stay(f, V, A, O, Z)
2: if satisfy p, and m is none then

3 Start voting epoch; Freeze f.

4: I« ] > Creat I'; to store votes
5: for batch b in B training batches do
6
7
8
9

for layer [ in L layers do

for El in {Vl, Al, Ol} do

b b mb
Create mj,, m; ,, my .

Add m},, m},, mj, to ;.

l,a’
10: for [ in n do > Vote at each attn layer
11: m; < VOTE({ m;,, my,, 1’1’1170})
12: m < [my, ..., m,| > Stack layer votes
13: Unfreeze f; end voting epoch.
14: f=fOm > Mask GHT attn outputs with m

heads. In GHA, the heads within each group exhibit similar patterns after the
Group-Constrained Training. Thus, we keep the heads showing the most explicit
group patterns (the PS heads) via V2S, and switch off the other ones within the
same group. Following Michel et al. [15], Voita et al. [16], we mask out the output

of heads as the equivalent operation of head removal?.

The V2S procedure is performed on fully converged GHAs. The main idea is to
vote on all heads of the GHA, and only retain one head for each group - the head
receiving the most votes. Specifically, it takes an entire epoch to collect the votes
m!? € {0,1}* from the whole training set (a batch of data (b) creates k votes per
attention layer, k being the head number), where 0 indicates that the corresponding
head should be switched off and 1 indicates that a head is retained. We assume
that there are B mini-batches in the training set, then each head of an attention
layer receives B votes, with each vote denoted by either 0 or 1. For each group,
the head receiving top-k count for ‘1’s are assigned a ‘1’ in the final head mask

m; € {0, 1}* for attention layer [, meaning that this head will be retained.

The V2S procedure is outlined in Algorithm 1. We detail some of its definitions
below. p indicates the full convergence of GHT, i.e., the hidden units found by

) have a center shift less than a threshold. In Step 7-8, given feature maps Vl,
b

L)

A;, and Oy of the [-th attention layer, the vote vectors mj,, my,, and m, €

2We perform real head removal when test inference speed.
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{0, 1}* are determined by the group pattern scores (1) of each head, indicating the

explicitness of group patterns, where n = p,(z;|e;;) if z is categorical; otherwise
n = —p(e;;2;;). € denotes the i-th head feature map (either one of the vy,
a;;, or 0;;). We set the corresponding digit in the vote vectors as 1 for the head
achieving the highest 7 in its group, indicating the most representative head of the
group. VOTE means counting the ‘1’s for each head based on the 0-1 votes in I}

and only keeping the heads with the highest counts?®.

GHT-PS compresses considerable parameters. In the case of two head groups,
GHT-PS reduces 75% parameters for an attention layer and 32.1% for the entire
model. We will show that V2S removing non-PS heads does not sacrifice model
performance. Instead, it brings accuracy gains in some cases and improves inference

speed.

3.4 Experimental Setup

In this section, we detail the key architecture configurations of our experiments.

Further model, dataset, and evaluation setups are detailed in the Appendices.

3.4.1 Architecture Setup

We follow the Transformer architecture of Vaswani et al. [23] as a backbone ar-
chitecture for all datasets and tasks in our experiments. For Machine Translation
and Abstractive Summarization, we adopt the same 8-head encoder-decoder archi-
tecture with 6 layers for both encoder and decoder; the model dimension d,,oge
= 512 and feed-forward dimension d; = 2048. For Language modeling, we adopt
the 16-head decoder-only architecture with 16 layers; the model dimension d,,qe
= 1024 and feed-forward dimension dy = 4096. The layer normalization is applied
before the residual connection of each layer. The parameters of decoder input
and output projections are shared. Our models are based on fairseq® Transformer

implementations.

3Besides voting, there is an alternative way to create the mask. Instead of using 0-1 number
as a discrete voting unit, the group pattern scores can be added up to rank the head pattern
explicitness. We find that the two ways perform similarly.
‘https://github.com/facebookresearch/fairseq
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TABLE 3.1: Benchmark with vanilla Transformer (backbone) on IWSLT and
WMT Machine Translation datasets, measured by BLEU. All improvements are
statistically significant with p < 0.05 under t-test.

Model Param | BLEU 1+ IWSLT WMT
de-en it-en en-de en-it en-fr en-de en-fr
Vanilla Transformer [23] 44M 344 323 28.0 30.8 40.1 273 38.1
GHT (ours) 44M 35.4 32.8 29.1 31.6 41.5 28.6 40.7
Transformer-Litel 30M 33.8 31.9 279 29.3 39.9 26.9 37.7
Transformer-Lite2 30M 34.0 32.2 28.2 29.5 40.0 26.7 37.8
GHT-PS (ours) 30M 35.2 32.7 28.9 31.6 41.4 28.2 40.5

TABLE 3.2: Benchmark with state-of-the-art MHA redundancy/parameter op-
timization baselines on IWSLT and WMT Machine Translation datasets at the
same parameter level, measured by BLEU. * denotes the improvement is statis-
tical significant with p < 0.05 under t-test.

Model Param | BLEU ¢t IWSLT WMT
de-en it-en en-de en-it en-fr en-de en-fr
Cordonnier et al. [70] 44M 344 318 282 310 407 276 385
Li et al. [26] 44M 34.7 31.8 28,5 30.7 40.7 273 39.3
GHT (ours) 44M 35.4* 32.8* 29.1* 31.6* 41.5%* 28.6* 40.7*
Voita et al. [16] 30M 32.2 30.8 26.5 30.3 398 22.0 34.0
Li et al. [69] 30M 33.2 31.3 275 300 39.7 20.5 33.6
Dynamic conv [36]  30M 34.8 32.7 287 31.1 40.6 24.0 36.5
Lite Transformer [27] 30M 33.3 314 275 298 394 249 374
GHT-PS (ours) 30M 35.2*% 32.7 28.9* 31.6* 41.4* 28.2* 40.5*

We perform the GCT as a metric learning task because it does not introduce
additional projection layers when the shapes of similarity inputs are identical
(Eq.3.4(B)), which makes GHT weight-lighter. In addition, it performs better
in our experiments compared to the classification-based grouping. The training
settings are detailed in Appendix A.1. Different o, 5, and head feature maps (\7,
A, and O) are preferred for different datasets to achieve optimal performance, we

detail the configurations in Appendix A.2.
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3.5 Results and Analysis

3.5.1 Machine Translation

Owurs vs. vanilla Transformer. We first report results by comparing GHT and
GHT-PS with the vanilla Transformer [23] which is the backbone of our model.
As shown in Table 3.1, the models are compared at the same parameter levels®.
GHT does not have weight reduction, keeping the same parameter size as the
vanilla Transformer (44M, the same setting as Transformer base [23]). In contrast,
GHT-PS is compressed to 30M parameters via V2S. For a fair comparison, we first
compare GHT-PS with two lite architectures, Transformer-Litel and Transformer-
Lite2, whose parameter numbers are 30M as well. Keeping other settings un-
changed, the encoder and decoder of Transformer-Litel are reduced to 4 layers,
respectively. Transformer-Lite2 reduces the model dimension d,eq¢; to 424, and dy
to 1696.

GHT and GHT-PS consistently and significantly outperform their backbone mod-
els at the same parameter level across all datasets. On average, the GHT surpasses
44M vanilla Transformer by 3.8% in BLEU [29]; GHT-PS surpasses Litel and Lite2
by 4.9% and 4.4%, respectively. Although GHT-PS reduces 32.1% parameters, it
significantly outperforms both 44M and 30M vanilla Transformers, which is com-
parable to GHT on all datasets. It shows that V2S can reduce the parameter size

of the original Transformer without sacrificing accuracy on MT.

Ours vs. lite Transformers. We compare GHT with two state-of-the-art
(SOTA) Machine Translation baselines that optimize MHA redundancy, and com-
pare GHT-PS with four SOTA baselines that made major contributions to attention
parameter compression and redundancy optimization®. Cordonnier et al. [70] and
Li et al. [26] are homogenization- and diversification-based methods respectively
for MHA redundancy optimization. Voita et al. [16] and Li et al. [69] are pruning-
based methods. Dynamic Conv [36] and Lite Transformer [27] modify Transformer

architectures to reduce parameters.

5The parameters analyzed in this thesis exclude the embedding layer since they vary a lot between
different datasets when the vocabulary sizes are different.

5We do not compare to the post-pruning of Michel et al. [15], because their method performs
extremely bad when the parameter level is low, e.g., 30M [69].
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TABLE 3.3: Ablation study on IWSLT’14. The results are generated with beam
width 5. All improvements are statistically significant with p < 0.05 under t-test.

Model BLEU t

de-en it-en  en-de en-it  en-fr

GHT 354 32.8 29.1 31.6 41.5
- w/o Diversifying ~ 34.7 31.8 28.5 30.7  40.7
- w/o Homologizing 34.3 32.0 28.2 30.9 40.2

GHT-PS 35.2 32.7 28.9 31.6 414
-w/o GCT 33.8 31.9 28.1 30.5 39.8
-w/o GC 34.0 32.0 28.4 31.0 40.2
- w/o HUDS 33.7 32.0 28.1 30.9 40.3
- w/o PS stay 33.6 317 279 307 402

- w/ stage 2 GC 332 31.8 281 308 403
- w/ stage 1& 2 GC 334 31.9 27.7 30.6 40.2

Table 3.2 shows that GHT outperforms all its baselines on all datasets, exceeding
the strongest baseline by 2.9% in averaged BLEU scores. GHT-PS outperforms
all its baselines on 6 out of 7 datasets, exceeding the strongest baseline by 4.4%
on average. The model compression of the baselines may sacrifice performance
(especially on large datasets, e.g., WMT 2014 en-de and en-fr), while GHT-PS is

more robust, achieving comparable results to GHT.

Ablation Study. We evaluate the impacts of the variants of GHT and GHT-PS
by ablating their features (Table 3.3). We first ablate the diversification/homoge-
nization term of GCT (see Eq.3.4), which lowers the BLEU scores. Next, we show
the importance of GCT for V2S. w/o GCT denotes that we directly use V2S at
the very beginning without GCT. w/0o GC denotes that V2S is employed after
normal training without Group Constrain (GC). Both ablation models yield lower
BLEU, because GCT homogenizes unnecessary heads to achieve a sparsified MHA.
Next, we validate the power of Pillars of Strength. w/o HUDS denotes we re-
place HUDS with randomly switching off heads after GCT; w/o PS stay denotes
we keep random group members instead of the Pillars of Strength after GCT. We
observe lower BLEU in w/o HUDS and w/o PS stay. Finally, we find that GC
only needs to be added before V2S. We denote the training stages before and after
V2S as stages 1 and 2. We compare the proposed Stage 1-based GHT-PS with
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TABLE 3.4: Efficiency comparison by parameter sizes, inference speed (averaged
on five runs), and FLOPs. All results are generated by beam size 5, batch size
256, and max length 10 on a single NVIDIA Quadro RTX A6000.

Model BLEUT  Param] Infer Speedt FLOPs|
Transformer base 25.8 44M 1016.4 sent/s 1996 M
Transformer big 26.4 176M 707.1 sent/s 6635M
Lite Conv 26.6 166M 722.1 sent/s 6184M
Dynamic Conv 26.9 176M 713.9 sent/s 1913M
GHT-PS-LITE (ours) 26.6 16M  1170.2 sent/s 1181M
GHT-PS (ours) 29.4 30M 1122.1 sent/s 1558M

models that perform GCT at Stage 2 (w/ stage 2 GC) and at both stages (w/
stage 1& 2 GC). BLEU scores of both models decrease.

Efficiency analysis. We analyze the efficiency of GHT-PS by controlling BLEU
scores on newstest2013 in Table 3.4, where all the selected baselines achieve similar
BLEU". The GHT-PS-LITE is a light version of GHT-PS that has a d; of 1024.
Given BLEU ranging from 25.8 to 26.9, GHT-PS-LITE is more efficient than the
baselines, e.g., achieving 90.36% fewer parameters, 62.05% faster inference speed,
and 80.90% fewer FLOPs against Lite Conv (the model achieving exactly the same
BLEU with GHT-PS-LITE). Besides, GHT-PS achieves 2.5 BLEU increase, 82.95%
fewer parameters, 57.14% faster inference speed, and 18.56% fewer FLOPs com-
pared with Dynamic Conv which yields the highest BLEU among the baselines.

Effect of group compactness. The group patterns of MHA become more com-
pact as the GCT goes on (will be shown in a later analysis). We hypothesize that
more compact group patterns bring performance gains to Transformers. Figure 3.2
shows the correlation between the group pattern compactness and the BLEU scores
achieved on 5 IWSLT’14 datasets when the model is fully converged in GCT. We
choose Silhouette Coefficient (SC) [189] and Dunn’s Index (DI) [190] as the mea-~

surements of group pattern compactness, both of which increase as the intra-group

"Not all baseline papers reported close BLEU scores on newstest2013/newstest2014. Tuning a
baseline model to achieve a certain BLEU is impractical. Thus, we only select the SOTA models
reporting similar BLEU scores.
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FIGURE 3.2: The BLEU scores of GHT first rise and then drop on IWSLT’14,
as the group patterns become more compact (indicated by the increasing SC and
DI scores).

samples become more similar and the inter-group ones become more separated.
The SC and DI are computed on the FMs in § 3.3.1. Figure 3.2 shows that within
the normal range, the BLEU scores rise by higher SC/DI scores, which is in line
with our assumption. The BLEUs start to drop as the SC/DI scores increase af-
ter the peak, because the very heavy group constraint prohibits the model from

learning useful task-specific knowledge.
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FiGure 3.3: The BLEUs of GHT and GHT-PS by different numbers of hidden
units (groups) on IWSLT’14.
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Effect of group number. Figure 3.3 shows the performance trends of 16-head
GHT and GHT-PS by different numbers of group hidden units. For GHT, different
datasets have different optimal hidden unit quantities, while a similar trend is
observed. The optimal group number is between 2 and 8, which is in line with
the claim that our group strategy is superior to solely homogenization (1 group)
or diversification (16 groups) strategies. For GHT-PS, when the group number is
larger than 1, it shows comparable performance to GHT on most datasets. This

also verifies that non-PS heads can be switched off without sacrificing performance.
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FIGURE 3.4: Intra-group homogeneity (upper) and inter-group diversity (lower)
of GHT and vanilla Transformer by training steps.

Group pattern trends. Figure 3.4 exhibits the trends of intra-group homo-
geneity (the Ist term of Eq.3.4(B)) and inter-group diversity (the 2nd term of
Eq.3.4(B)) degree of GHT and vanilla Transformer in the training process on
five IWSLT datasets. By training, GHT shows higher intra-group homogeneity
and lower inter-group diversity, leading to more compact groups, while the vanilla
Transformer shows inversed and flattened trends. It proves that GCT can effec-

tively homogenize intra-group heads and diversify inter-group heads for MHA.

3.5.2 Abstractive Summarization

We evaluate the ability of our model to process longer inputs via AS on the CNN-
DailyMail dataset. We take vanilla Transformer as the backbone. Table 3.5 shows
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TABLE 3.5: Abstractive Summarization results on CNN-DailyMail in terms of
F1-Rouge and efficiency (parameter, inference speed, and FLOPs). All improve-
ments are statistically significant with p < 0.05 under t-test.

Model Param | R-11 R-271 R-L 1 Infer Spd1T FLOPs|
LSTM [93] - 38.30 14.81 35.49 - -
CNN [109] - 39.06 15.38 35.77 - -
Light Conv [36] 86M  39.52 15.97 36.51 - -
Dynamic Conv [36] 87TM  39.84 16.25 36.73 - -
Vanilla Transformer [16] 44M  38.45 17.97 36.03 208.77 sent/s  1996M
GHT (ours) 44M  40.00 21.10 37.51 208.77 sent/s 1996M
GHT-PS (ours) 30M 40.01 21.31 37.62 257.62 sent/s 1558M

that both GHT and GHT-PS achieve higher F1-Rouge scores [38] on this task.
GHT-PS achieves 4.1% higher Rouge-1, 18.6% higher Rouge-2, and 4.4% higher
Rouge-L against vanilla Transformer; 0.4% higher Rouge-1, 31.1% higher Rouge-2

and 2.4% higher Rouge-L against the best performing baseline (Dynamic Conv).

Meanwhile, GHT-PS only takes 68.18% parameters of the vanilla Transformer and

exhibits higher inference speed and fewer FLOPs.

3.5.3 Language Modeling

TABLE 3.6: Language modeling results on WIKITEXT-103 by perplexity and
efficiency (parameter, inference speed, and FLOPs). VT w/ Al denotes vanilla
Transformer with adaptive input. All improvements against the baselines are
statistically significant with p < 0.05 under t-test.

Model Param]  Valid|  Test] Infer Spd?t FLOPs|
S4 249M 19.69 20.95 - -
BERT-L-CAS  395M 19.67 20.42 - -
GPT-2 Large  762M - 22.05 - -
VT w/ Al 201M 19.03 19.14 9.9 tok/s 6106M
GHT (ours) 201M 18.57  18.60 9.9 tok/s 6106M
GHT-PS (ours) 167TM 18.58  18.59 19.0 tok/s 4573M

We evaluated our models by an LM task, based on WIKITTEXT-103 dataset. The

backbone is a decoder-only Transformer with 16 layers and adaptive inputs [46].
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We compare with the backbone model, as well as comparable SOTA LM models,
including S4 [191], BERT-Large-CAS [192], and GPT-2 Large [172]. Table 3.6
shows that both GHT and GHT-PS achieve lower perplexity [193] than the base-
lines on both validation and test sets (2.9% and 9.0% less perplexity against the
backbone and the best performing baseline, respectively). Meanwhile, GHT-PS
achieves 16.92% model shrinkage, 2x inference speed, and 75% FLOPs compared
with the backbone.

3.6 Summary

We assume that only focusing on the most essential and different features may
mitigate the redundant and over-parameterization issues of MHA. In particular,
we propose the Grouped Head Attention (GHA) trained with a self-supervised
group constraint that forces MHA to divide its heads to work in several separate
groups, where each group focuses on an essential but unique feature subset. We
further propose a Voting-to-Stay procedure to remove redundant parameters in
GHA and obtain GHA-PS, a lighter-weight attention. The improvements on three
tasks and the extensive analysis verify our hypothesis and the effectiveness of our
redundancy optimization methods. Our study provides guidance on future MHA

design and training to achieve higher performance.






Chapter 4

Significance Prior Refined
Attention for Language

Understanding

4.1 Introduction

Recent years witness a great success of pre-trained models in various domains,
e.g., natural language [80, 85, 86, 195, 196] and speech [197-199]. The pre-trained
models learn to encode the input into high-level features via self-supervised learning
tasks such as masked language modeling (MLM), next sentence prediction, etc.,
and bring considerable performance gain to the downstream tasks [80, 195]. Spoken
Language Understanding (SLU) is a set of downstream tasks in the speech domain

intending to learn models to understand the content of speech input.

The state-of-the-art end-to-end SLU models are mostly achieved by finetuning on
the speech pre-trained models [200]. Despite that the pre-trained speech encoder

* This chapter is published with material from: Jinjie Ni, Yukun Ma, Wen Wang, Qian Chen,
Dianwen Ng, Han Lei, Trung Hieu Nguyen, Chong Zhang, Bin Ma, Erik Cambria. Adaptive
Knowledge Distillation between Text and Speech Pre-trained Models. 2023 IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP 2023), pp. 1-5, doi: 10.1109/I-
CASSP49357.2023.10096950. [194].

67



68 4.1. Introduction

is powerful in preserving content-based information, it still falls short in encoding
linguistic information due to the absence of symbolic representation. To comple-
ment the speech pre-training, a speech encoder could benefit from transferring
knowledge from language models that are pre-trained on unlabelled texts. How-
ever, the knowledge obtained during the pre-training stage of speech and text has
a natural gap caused by the modal bias and the difference in pre-training methods
[201]. This motivates us to study the problem of distilling knowledge from text
pre-trained models to speech ones to enhance their performance on understanding
tasks.

We categorize existing work on leveraging text knowledge for end-to-end SLU into
two classes: one-tower and two-tower. The one-tower approaches [201, 202] encode
uni-modal inputs via a shared encoder and is flexible in taking either uni-modal or
multi-modal inputs at inference stage. The two-tower methods use modal-specific
encoders for speech and text learning, and rely on either additional layers/code-

books [201, 203-206] or alignment losses to align the multi-modal embedding space.

This work falls under the two-tower category aligning the text and speech embed-
ding space by designing metric objectives [20, 207], which we call metric-based
distillation. Compared with the one-tower methods, metric-based distillation re-
quires only a small amount of data to distill text knowledge [20] with an explicit
alignment objective. It does not introduce any additional parameters, which en-
sures the model’s efficiency and separability. However, due to the large semantic
and granularity gap between speech and text, it is challenging to design appropri-
ate metrics for metric-based distillation. Prior works [20, 207] use simple metrics
(L2 distance and cosine similarity) to perform metric-based distillation from text to
speech ignoring the semantic and granularity difference between them, which harms
the distillation effectiveness. To this end, we propose the Prior-informed Adaptive
knowledge Distillation (PAD) that aligns text-speech representations at adaptive
granularity, with the alignment process being informed by the prior knowledge

reflecting the semantic significance.

We made the following contributions:

e We propose to apply the Attention-based Significance Priors (ASP) to ease

the semantic knowledge transfer from texts to speech.
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e We propose the Anchor-based Adaptive Span Aggregation algorithm (AASA)

that narrows the modal granularity gap of alignments.

e To the best of our knowledge, we are the first that evaluate multiple different
alignment strategies beyond vanilla global and local alignments to study the
feasibility of metric-based speech-text distillations. The results on three spo-

ken language understanding benchmarks verify our assumptions and claims.

4.2 Method

4.2.1 Preliminary: Global and Local Alignment

Metric-based distillation distills text knowledge by aligning the representation
space of speech and text pre-trained models. In general, there are two aligning
strategies: global and local alignments. Global-level alignment narrows the gap be-
tween sequence-level representations and local-level alignment similarizes the local
unit representations. Once the alignment training is finished, the speech representa-
tion space is closer to that of the text and thus text knowledge is transferred. Given
a pair of speech and text data, the output of speech and text pre-trained models
are denoted as S = [s, ...,s,] and T = [ty, ..., t,,] respectively, where s,, € R% and

t,, € R%. d, and d, are the model dimension of speech and text modules.

Global-level alignment. Sequence-level representations can be extracted from
the output representations of the pre-trained models. We denote the global-level
output representation of speech and text model as § € R% and t € R%, which
are downsampled embeddings that represent the sentence such as the cls embed-
ding in BERT or the averaged embeddings. The L1 distance of the two sequence

representations is computed for alignment:

Lciop = ||§—EH1 (4.1)

During global-level alignment training, the text module is frozen and only the

speech module is updated.
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FIGURE 4.1: The global and local PAD. The global and local alignments (Section
4.2.1) are both informed by the ASP (Section 4.2.2) to narrow the semantic gap.
The AASA (Section 4.2.3) adaptively reorganizes the speech sequence to narrow
the granularity gap.

Local-level alignment. A finer alignment can be conducted locally. There is a
mapping between the speech and text signals which are represented as tokens. The
local token units of speech and text module are aligned by maximizing the sum of

the maximum text-speech similarities regarding all text units:

Lo = —% Z maz;(s;, t;) (4.2)

Where ¢ denotes the similarity metric such as cosine similarity. Same as the global-

level alignment, the text module is fixed and only the speech module is updated.

4.2.2 Attention-based Significance Priors

Both global and local alignments introduced in Section 4.2.1 treat tokens in a
sequence equally. However, the modal bias of speech and text causes some align-
ments to be meaningless, e.g., blank and noise signals of acoustic sequences cannot
be found in the text, and trying to align these signals with text tokens may not be
beneficial to the model’s understanding ability. Thus, we assume that the alignment
between acoustic features and their text counterpart should be focused on only the
most semantic-relevant tokens or frames, for example, the non-blank speech tokens
or the keywords in the text sequence. As a result, we need to properly score the

significance of tokens (or frames).
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[20] used the inverse document frequency (idf) to re-weight the significance of
frequent token-frame pairs. However, idf has two problems: (a) it is fixed for
each dataset, whereas the significance of a token varies with different contexts;
(b) it is not applicable to speech features that are continuous-valued. We propose
Attention-based Significance Priors (ASP) that extracts the significance distribu-
tion Py, € R™ of a sequence H = [hy, .., h,| from the self-attention map of the

pre-trained Transformer models? (Figure 4.1):

Pealt) = 2.3 Crrer 2 AU, (1.3

The significance score of h,, is a normalized mean over the attention weights of
the units attending to h,,. A(H)! = [A(H), ..., A(H)!] denotes the [-th layer self-

attention map; A(H)! € {a € R|0 < a < 1}" denotes the attention weights of the
units that attend to the m-th unit of H, which is the m-th row of A(H)!; Ly is
the number of layers of the Transformer model; € = {1}". The prior distribution
is contextual and we will show that the priors of both speech and text modules
narrow the modal semantic gap and contribute to better alignment results. For
global alignments, we obtain S’ and T after applying the significance prior to the
output sequence of speech and text module: S' =S ® Py (S), TV = T © Py (T).
For local alignments, according to Eq.4.2, we obtain the similarity sequence ® =
(1, -+, o] Tegarding the text output T, and we obtain ®’ constrained by prior:
P’ = @ O Pyy(P). For PAD, we replace the original sequences with their prior

constrained ones in Eq.4.1 and Eq.4.2.

4.2.3 Anchor-based Adaptive Span Aggregation

In reality, a text token may correspond to many speech tokens since a word con-
sists of multiple phonemes. However, the local alignment defined in Section 4.2.1
aligns each text token with the corresponding speech token, which is not consistent
in granularity. Such alignment is possible because the attention representations
are contextual - each speech embedding potentially represents the contextualized

phoneme. However, attention scores are still highly localized for Transformers

2We find that the last-layer attention map achieves a better estimation of the ASP in some cases,
which led to better performance.
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[27, 65, 208], meaning that the embeddings tend to only represent their close neigh-
bors. As a result, there still remains a granularity gap between the representations

of speech and text tokens, thus directly aligning them is not optimal.

Algorithm 2 Anchor-based Adaptive Span Aggregation

1: Procedure AASA (S,¢) > Input: S € R™*ds
2: Anchor points T' < [ide] ; span pools S « [ ].

3: P, (S), Indexorea < Descending Sort Pyy(S).

4: > Sample anchor pts by their significance scores (Eq.4.3).
5. for id in Indexorieq dO

6: if Vid. € T, |id — id.| > £/2 then > Control density.
7: SPANy <= {Sid—s,,s -+ Sidrs,, } for m € 1,....¢

8: > S, € {£/2,&,2¢,...}; € denotes the base scale.
9: Sia < {(pooling(spany), ..., pooling(span.)}

10: Add id to T; add §;4 to S.

11: Return S > Output: S € RFxexds

We propose to adaptively generate local spans where each span is aggregated by
several speech embeddings to narrow the granularity gap. The alignment process
is the same as Eq.4.2, only being different in that the original speech sequence is
replaced with the local span pools generated by the Anchor-based Adaptive Span
Aggregation (AASA) procedure (Algorithm 2). We denote the local span pools
of a speech sequence S as S = [gl, ...,gk], where S,, € R°*%. Each span pool
S, consists of ¢ spans of different scales, and the absolute locations of the span
pools are decided by the anchor points. In line with local-level alignment (Eq.4.2),
each text token aligns with one of the spans §,, in S, maximizing the sum of the

maximum text-span similarities regarding all text tokens.

4.3 Experimental Setup

We use wav2vec2-base and bert-base-uncased checkpoints from the Hugging Face?
as the speech and text modules. We choose 768 dimensions for both models and
cut down the BERT vocabulary size to 5000. Following [20], the alignment training
uses a 10-hour transcripted data randomly selected from the train-clean-360 subset
of Librispeech 960 [209] dataset. For the evaluation of all downstream tasks, we
follow the SUPERB [200] benchmark using S3PRL* to achieve fair comparison.

3https://huggingface.co
‘https://github.com/s3prl/s3prl
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TABLE 4.1: Results on IC, ER, and SF in terms of accuracy and F1 score. Our
PAD outperforms all the alignment baselines.

Align Intent Emotion Slot
Models . Classification ~ Recognition  Filling
Variant
Acc 1 Acc 1 F1 1
wav2vec 2.0 Base [198] - 94.40 63.02 87.94
Glob - cls [20] G 97.39 64.19 86.30
TLocal - idf [20] T 94.91 58.49 82.04
Glob - avr G 97.30 64.65 86.00
TLocal T 95.90 59.18 82.27
TLocal - CW T 96.81 60.27 84.88
TLocal - CG T 96.76 61.97 84.89
TLocal - OR T 90.30 59.32 77.36
SLocal - OR S 97.57 63.87 85.12
PAD-Glob G 97.68 64.91 87.67
PAD-TLocal T 95.90 62.46 88.40
PAD-SLocal S 97.86 62.74 87.19

We evaluate three SLU tasks: Intent Detection (IC), Emotion Recognition (ER),
and Slot Filling (SF) on Fluent Speech Commands, IEMOCAP, and Audio SNIPS
datasets respectively. SUPERB freezes the upstream pre-trained model and con-
trols all other settings to be identical. [20] finetune the whole upstream model,
and they compare with baselines without specifying the settings to be identical.
Thus, their alignment effectiveness is not easily comparable and our results based
on SUPERB are fairer and more reproducible for future work. We re-implement

their alignment methods for comparison.

4.4 Results and Analysis

4.4.1 Results against Various Alignment Methods

We report the results of three levels of PAD against the baselines in Table 4.1. G, T,
and S denote global, token-level local, and span-level local alignment respectively.
For global-level alignment (Eq.4.1), we compare with 2 variants of sentence em-

beddings: cls embedding (Glob-cls) [20] and averaged pooling (Glob-avr). For
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token-level local alignment, we compare with 5 variants: vanilla token-level align-
ment (TLocal) as in Eq.4.1; token-level alignment using idf to ignore the frequent
words (TLocal-idf) [20]; first training a speech token recognizer with CTC loss
using the same 10-hour data, then the prediction probabilities on text vocabulary
are used to weight (TLocal-CW, by constraining the alignment as ASP) or guide
(TLocal-CG, achieve a speech-text mapping by max probability, and align them
according to the mapping instead of the max similarity of Eq.4.2) the alignment;
TLocal-OR treats the similarity distribution of Eq.4.2 as the probability distribu-
tion in CTC calculation and computes the alignment loss as a CTC loss to achieve
alignments based on maximum expectations. For span-level local alignment, we
compare with the span-level ordered align (SLocal-OR), which is the same as the

TLocal-OR except for its granularity.

The results in Table 4.1 show that our three alignments outperform all baselines
in the downstream tasks. Whereas there exist performance trade-offs on differ-
ent tasks for global and local alignments. The models under global alignments
are better at classification tasks (Intent Classification and Emotion Recognition),
whereas the ones under local alignments are better at sequence generation tasks
(Slot Filling). Classification tasks require better global-level semantics whereas
sequence generation tasks require finer token-level semantics. Compared with the
token-level alignment, the span-level alignment achieves good performance on both
kinds of tasks, which illustrates the effectiveness of AASP that narrows the gap

between speech and text granularities.

4.4.2 Ablation Study

We evaluate the impact of the various choices we made for PAD by ablating its
features (Table 4.2). For PAD-Glob, we remove the speech and text significance
priors one by one and the consistent performance drop verifies their importance.
Similarly, we also verify the effectiveness of the significance priors for PAD-TLocal
and PAD-SLocal. Additionally, for PAD-SLocal, we find that either (a) remov-
ing the span pools and using fixed spans or (b) using even-stride spans instead of

anchor-based ones decreases the performance.
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TABLE 4.2: Ablation study on IC, ER, and SF by removing the features one by

one.
Align Intent Emotion Slot
Align Variants Variant Classification ~ Recognition  Filling
Acc 1 Acc 1 F11
PAD-Glob G 97.68 64.91 87.67
- w/o s prior G 97.55 64.39 87.17
- w/o t prior G 97.34 64.14 87.59
- w/o both G 97.30 63.97 86.29
PAD-TLocal T 95.90 62.46 88.40
- w/o prior T 95.90 59.18 82.27
PAD-SLocal S 97.86 62.74 87.19
- w/o prior S 97.52 60.37 83.04
- w/o span pool S 97.86 62.72 87.06
- w/o anch pts S 96.73 60.88 86.10

TABLE 4.3: Analysis of the joint alignment combinations.

Align Intent Emotion Slot
Align Variants Variant Classification =~ Recognition  Filling
Acc T Acc T F1 1
PAD-Glob G 97.68 64.91 87.67
PAD-TLocal T 95.90 62.46 88.40
PAD-SLocal S 97.86 62.74 87.19
PAD-G&T G+T 68.63 61.42 77.98
PAD-G&S G+S 97.86 62.93 87.25
PAD-T&S T+S 97.68 62.91 86.49
PAD-all joint G+T+S 97.50 62.40 85.47

4.4.3 Analysis of Joint Alignments

We also evaluate all the joint alignment combinations that perform multiple align-
ments concurrently (Table 4.3). We find that all of them perform worse than the
combined results of separate alignments. Furthermore, we observe that the perfor-
mances of PAD-G&S and PAD-T&S > PAD-all joint > PAD-G&T, which is in line
with our assumptions: the global-level and token-level alignment may be incom-
patible in essence because of their granularity gap, whereas the granularity of both

of them are close to the span-level alignment because of the adaptive aggregation
of AASA (Eq.2).
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FIGURE 4.2: The global and local-level alignment loss on dev set. S and T
denote speech and text respectively.

4.4.4 Analysis of Alignment Loss

Apart from the downstream task accuracies, the alignment loss is also a good
metric for comparing the alignment effectiveness since they directly reflect the
distance of embedding space. With all entries being properly scaled, we plot the
validation loss curves of global and local alignment training from epoch 1 in Figure
4.2. Figure 4.2(a) shows that the three alignments constrained by the prior show
lower minimum loss and faster gradient descent compared with the vanilla version,
which is in line with the results obtained above, illustrating the effectiveness of the
speech and text priors. In Figure 4.2(b), the local alignments that are constrained
by the priors or leverage the adaptive spans show lower loss and faster gradient
descent, which is also in line with the effectiveness of the significance prior and

adaptive span in local-level alignment experiments.

4.5 Summary

We propose the Prior-informed Adaptive knowledge Distillation (PAD) that lever-
ages adaptive spans and the in-stored significance prior distribution to achieve
better alignments between well-established text and speech pre-trained models at
both global and local levels. The experimental results and analysis illustrate the
effectiveness of PAD. We also observe that the trade-off between global and local
alignments always exists because they may be contradictory in essence. We will

study how to alleviate this trade-off in future work.



Chapter 5

Multi-Hierarchy Attention for

Commonsense Reasoning

5.1 Introduction

Building a human-like dialogue system has been a long-lasting goal in the com-
munity of conversational AI [10, 210-216]. In the pursuit of this goal, multiple
research topics have emerged: context awareness [217], response coherence [218]
and diversity [219], speaker consistency [220], empathetic response [221], conver-
sation topic [222], knowledge-grounded system [223], etc. The conversation goal is

one of the most representative elements that reflect human intelligence.

Human conversations are usually guided by several small goals or a global goal.
As shown in Fig. 5.1, Grilled Fish, Chinese Dish, China Town, and Cinema are
turn-level goals, while the Cinema is also the global goal at the same time. Dur-
ing the conversation, the agent intends to approach the global goal by naturally
transitioning between turn-level goals. However, most dialogue systems passively

respond to the user without explicit goals, causing incoherent or illogical responses.

* This chapter is published with material from: Jinjie Ni, Vlad Pandelea, Tom Young, Haicang
Zhou, Erik Cambria. HiITKG: Towards Goal-Oriented Conversations via Multi-Hierarchy Learn-
ing. Proceedings of the AAATI Conference on Artificial Intelligence (AAAT 2022), 36(10), 11112-
11120. [13]

7
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global goal

- (I love the grilled fish sooooo much! )
d
y
Geah. it's a famous Chinese dish. W @ B Chinee Dish

= (Really? | would say | love China then!)
-l
Haha, there's lots of Chinese food in China
Town, do you want to have a try? @ B w

>
0} buojeq é
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( For sure! That sounds great! )

i

®
§<

A cinema named Golden Village is nearby,
how about watching a movie after dinner?

FIGURE 5.1: A goal-driven dialogue sample. Starting from an initial entity (A),
the chatbot plans turn-level conversation goals (B) based on dialogue content
and history goal trajectory, also trying to naturally direct B to a global goal (C).

In recent years, some researchers attempt to ground dialogue systems on knowl-
edge graphs (KGs) to actively guide conversation topics/goals. KG is a structured
knowledge network that consists of vertices, or entities, being connected by edges,

or relations [224].

KGs contain commonsense relationships between real-world entities that can also
be seen as conversation goals. Generating or retrieving responses according to
the walking trajectory in KGs is effective in generating goal-oriented responses.
Models reasoning over the KGs based on the dialogue content are called dialogue
graph walkers. The current graph walkers can generally be divided into recurrent
walkers [22, 43-45] and graph attention based walkers [21]. Recurrent walkers
decode KG paths depending on a fixed-length vector, which creates a bottleneck

for performance.

Graph attention based KG walkers are good at achieving optimal performance since
they reserve all potential paths, but such a mechanism is too high in computation
complexity to be scalable to multi-hop reasoning. In addition, these walkers neglect
the hierarchical structure of the input source and make separate predictions for
entity and relation paths, which affects their performance. Besides, these walkers
only plan turn-level goals based on the dialogue history, which means that their
reasoning is local and undirected. However, many of the conversations between

humans, especially adults, are guided by an ultimate goal.
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To this end, we propose Hierarchical Transformer based Knowledge Graph Walker
(HITKG), a graph walker that leverages multiscale inputs to make precise and
flexible reasoning on KG paths. We learn this hierarchical model in a two-hierarchy
learning framework which employs two stages to learn goal planning. In the first
stage, we train HITKG in a supervised fashion, where it learns how to plan turn-
level conversational goal sequences naturally based on the dialogue content; in
the second stage, we manually assign a global goal for HITKG and it learns to
approach the global goal via reinforcement learning, where a user simulator is
trained to provide user messages for the conversation. In other words, in such
two-stage learning, the model learns to approach the target goal without losing
the naturalness of the goal sequence. Specifically, HITKG has a Transformer-based
structure, as shown in Fig. 5.2. The graph decoder computes hierarchical attention
with different-level memories to obtain a better representation of current states,
based on which it reasons over the multi-hop neighbors and decodes a KG path
consisting of the related entities and relations. Note that our model is scalable to
KG paths of flexible lengths.

To conclude, our contributions are as follows:

e We propose the first Transformer-based KG walker that attentively reads
multiscale inputs for graph decoding. We also propose Multi-source Decod-
ing Inputs (MDI) and Output-level Length Head (OLH) to strengthen the
controllability and multi-hop reasoning ability of the Hierarchical Attention
based Graph Decoder (HAGD).

e We propose a two-hierarchy learning framework to train the proposed hier-
archical KG walker, in order to learn both turn-level and global-level con-
versation goals. This is the first attempt to learn models to make natural
transitions towards the global goal in KG, where we propose a distance em-

bedding to incorporate distance information.

e We propose MetaPath (MP) to concurrently exploit entity and relation in-
formation when reasoning, which is proved essential as the backbone method

for KG path representation, providing a paradigm for KG reasoning.



80 5.2. Related Work

5.2 Related Work

5.2.1 KG-grounded Dialogue Reasoning

Some work augments dialogue inputs with shallow entity and relation informa-
tion [135, 136, 140, 222, 225, 226]. A knowledge retriever works with the utterance
decoder to generate responses based on the retrieved shallow commonsense knowl-
edge entities. These models enjoy rich knowledge augmentation since all short KG
paths relating to the user message are encoded, but they lack the ability to extend
the topics along with the KG connections, which is essential when organizing a nat-
ural dialogue. Another set of work focuses on developing a series of goals/topics
for each conversation turn by walking on the KG [21, 22, 44]. These graph walkers
are recurrent or graph attention based models that attentively read the dialogues
and reason over the KG paths, starting from the entity mentioned in the last user

message.

5.2.2 Global Goal Guided Dialogue Reasoning

To the best of our knowledge, we are the first that study global goal oriented
KG path transitions in dialogue. Existing similar work either omits explicit ap-
proaching [227] or grounds in unstructured knowledge [228]. Xu et al. propose a
hierarchical policy model to plan and generate responses of different levels where
the high-level policy plans a global topic. However, the low-level policy plans re-
sponses that are coherent to this topic instead of approaching it. Tang et al. study
guiding the conversation to an assigned target subject, which has a similar pur-
pose as ours, but the transition is grounded in a disordered keyword set that lacks

commonsense connections.

5.3 Method

5.3.1 Overview

We define the knowledge graph Gxg = Vg X Exq, where the KG is composed of

the commonsense vertices (entities) Vg and edges (relations) Exg that connect



Chapter 5. Multi-Hierarchy Attention for Commonsense Reasoning 81

Dialogue History | HITKG cls | Mask [INEEEENES s/
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FIGURE 5.2: The overall architecture. HiTKG is composed of multiscale en-
coders and the Hierarchical Attention based Graph Decoder (HAGD). It first
employs two separate Transformers to learn dialogue history and KG path his-
tory representations, and then HAGD leverages the multiscale memories to plan
KG paths. HiTKG has different reasoning strategies when trained with stage
1 only and with both stages. We optimize the whole HITKG during training.
Note that our task only predicts KG paths.

the vertices. We define Vg, (v) as the set of nodes that are connected to v with

n-hop edge connections F.

There are two learning stages for the model to learn different levels of goal plan-
ning: turn-level goal learning (stage 1) and global-level goal learning (stage 2).
Specifically, at stage 1 (supervised learning), the model takes the multiscale state
x as input, and predicts an n-hop KG path Y, which represents the transition
of conversation goals. The KG path is made up of the entities and relations in
Gkg. x has two scales: x = {x,;X4}, where x, = {Xél),xp 7...,x,(f)} denotes
KG path history with a fixed window size ¢ that is generated in previous turns;
the x; = {x((il)7 X, ), e ng )} denotes dialogue history utterances with a fixed win-
dow size j that is produced by both speakers. The KG path inference at the t-th

dialogue turn of stage 1 is formulated as:

T
Y, = arg;naxH P(vi|x}, x4, Ve (v ) (5.1)
k=1
Where Yf? = {vi, vk, ..., vk} denotes the predicted T-hop KG path. vi = [vl_| el vt]
denotes the k-th one-hop KG path of Y;;. vi_, € Vkg denotes the starting KG

vertex of v}, and e, € Eg¢ denotes the edge that connects v)_; and vf. At
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stage 2 (supervised and reinforcement learning), x is composed of three scales:
x = {x,;x4; 8}, where g denotes global goal. The model takes x as input to pre-
dict turn-level KG path V;k, and tries to make the entity of v;k closer to g. Since
no n-hop KG path annotation is available at this stage, we predict one-hop paths

here to analyze the problem. The KG path inference at stage 2 is formulated as:

V;k = argrtnaxP(vﬂxg,xfi,g,VE,l(v,i_l)) (5.2)
Vi

5.3.2 Multiscale Source Representation

The KG path is a series of conversation goals based on which the utterances are
organized. We argue that dialogue history is the surface-level representation of a
dialogue and KG path history is a higher-level one that can be interpreted as the
outline of a conversation. In stage 2, the global goal is the top-level input source
that decides the topic flow. As shown in Fig. 5.2, HITKG encodes multiscale
dialogue sources with separate Transformer encoders, where MetaPath is the cor-
nerstone of KG path representation and reasoning. The global goal is represented

as a part of the decoder input.

MetaPath (MP) In previous works such as [22] and [21], entities and relations
are represented separately in both KG path encoding and decoding. At the de-
coding stage, KG paths are predicted by scoring entity paths and relation paths
respectively, and then rerank. Thus, the model only considers one distribution of
the entities or relations at a time, while a KG triple is composed of both. The
prediction quality is decided by entity path reasoning, relation path reasoning,
and reranking algorithm jointly, which makes it harder to achieve optimum. We
propose MetaPath, an effective method to represent and score the KG paths by
concurrently considering the entity and relation information. A MetaPath is a

flexible combination of embeddings.

Given a KG triple (vi,e,vs), a base MP contains the concatenated embeddings
of e and vy: MP=[é,;&,,]. Where &, &,, € R%s, d;, denoting the KG embedding
dimension. Although v; is not included, the MP still expresses the full triple,
benefiting from the base graph embedding. MP=[€,; €,,| instead of [€,,;€&.;€,,]

because the later form causes information redundancy when encoding KG path
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history with multiple MPs (each entity appears twice), causing worse convergence
during training. As the cornerstone of KG path reasoning, MP also decides the

scoring logic, bringing high efficiency, accuracy, and flexibility.

KG Vertex & Edge Following previous KG walkers, we use TransE [229] to
represent the vertices and edges of Ggg. TransE is a simple but powerful graph
embedding method that is scalable to large KGs and represents multi-scale rela-
tionships. The main idea is that given a ground KG triple (v, e, vy), it satisfies
€y, + €. =~ €,,. The MetaPath and TransE form an ideal combo because according
to the principle €,, + €. ~ €,,, the embedding of v; can be inferred by the model
given e and vq, which makes up the information loss for a single MP (no loss for

MP sequences).

Dialogue History Dialogue history is composed of conversations from past turns
and has a fixed window size. The conversation sentences are first encoded with an
ALBERT? [230] layer ¢, which is frozen during training, to obtain contextual rep-
resentation eq = ¢%(x4) = {64, ..,&"}. Memory hy = {h",h(”, .. h{"
is obtained by parallelly applying hd = Edial(ed). Where FEgy, is composed of
learnable positional embedding [231], multi-head attention «,, [5], and feedforward
network (FFN) (we simplify multi-head attention and omit bias terms, and illus-

trate only one Transformer layer for conciseness):

Euia(ed) = ¢(aser(eZOS) + W2U(W1aself(ezos)))

POS |ep05)

(5.3)
aserp(ey”) = an(€”[e]

Where €’ denote the position-embedded inputs. €’ denotes attention query

e’” denotes attention key/value. ¢ denotes layer normalization [232]. W, €

Rém*d5 and Wy € R%¥4m are the weight matrices of FEN, where d,,, and d; denotes

and e,

the model and FFN dimension, respectively. We add [usrl] and [usr2] in front of
respective messages to identify the utterances from different speakers, which has

been proven effective in dialogue tasks [233].

2 A state-of-the-art contextual representation model. It achieves better performance than BERT-
large with fewer parameters.
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KG Path History TransE-based MetaPath transformation is denoted as ¢™?.
We stack all MPs corresponding to their respective one-hop KG paths to rep-
resent KG path history x,. A starting MetaPath MPy,,=[€p0p; €15) is placed at
the beginning. €, is a special token embedding indicating the beginning of
the path and €4 is the starting entity embedding of x,. The MP,, ensures
that all entities of the original KG path history are presented and indicates the
starting point. Ej, further aggregates the MP representations of path history
e, = ™ (x,) = {&",&87,...,&""'} to get memory h, = {b\"”, by’ .. h{"'} by

applying h, = Ej4(e,), where Ej, has the same architecture as Egjq.

Global Goal The global goal g is an entity of G that is manually or randomly
selected. At the stage of global-level goal learning, the global goal is a significant
source of input, while it is not required when learning the turn-level goals. Consid-
ering that stage 1 and stage 2 share the same model, they need to keep the same
input forms. Thus, we put the global goal in front of the target sequence, jointly
as an input of the graph decoder. At stage 1, we use a target mask to mask out

the global goal embedding when computing self-attentions for decoder inputs.

5.3.3 Turn-level Goal Learning

We propose Hierarchical Attention based Graph Decoder (HAGD) to pre-
dict turn-level KG paths and train it in a supervised fashion. Given KG environ-

ment V" of the target sequence, graph decoder ¢ decodes KG paths:
Yp = f(Sa, hy, hp| |V2ar) (54)

Sa = [C;€ym;t] denotes turn-level Multi-source Decoding Inputs (MDI),
which aggregates static and dynamic states for &, being the top level of multi-
scale sources. ¢ € R% is the corresponding cls embedding of OLH. €ym € Rém
denotes masked global goal embedding (padded). t € R™*% is the shifted right

target sequence starting with MPy,,.

Multi-hierarchy Attention Block ¢ has three scales of sources: MDI, dia-
logue history, and KG path history memories, being denoted as S,, hy, and h,,
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respectively. We build a multi-hierarchy attention block to aggregate the multiscale
information. Specifically, the proposed HAGD has three attention layers o f, Oy,
and «g;q that align with MDI, KG path history, and dialogue history, respectively:

Ktop — T(aself(sgos» — T<an(§pos|51p03)>
i = (o (| 617)) = 7 (o (hy|7)) (5.5)

K = T(agia(halk™)) = 7(ay (ha|ED))

7 denotes the residual operation 7(y(x)) = = + y(z). A self-attention layer oy

computes attention over the top-level source MDI; the resulting context vectors

KioP = {R, K%, ... R } interact with h,, at the middle layer ay,; then taking

the resulting residual state " = {/i;”{d, Ryt RIEY from o, (aiar leverages
bot =bot  bot zbot —’tOP zmid zbot d
hy and obtain k" = {K77, Kgs - Kom, b+ Bars R s and Ky € R,

Output-level Length Head (OLH) Humans have a general estimation of how
long should the goal trajectory be when they plan the conversation goals, though
this could be subconscious. To this end, we place a cls token at the beginning of
the decoder input and attach the corresponding OLH to the output layer for path
length prediction. The output O = [C,; g,; t,] has the corresponding shape of S. ¢,
is the OLH state representation for KG path length prediction; g, is a placeholder;
t, is the KG path state representation. We compute path length distribution y; as
follows: .

yi= e (5.6)

2 r—1 cop(cf)

Where ¢ € R. This multi-task learning framework predicts path length and
KG paths concurrently and achieves improvement in the performance of KG path

prediction.

Zero-shot Scoring Note that different from traditional language models, the
total number of candidates M is not fixed at different path positions n. Thus, given
the path state representation t,, we compute the zero-shot embedding similarity

to score the paths:

(5.7)
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Where IT,, = {7}, 72, ..., @"} denotes a set containing neighbor MP candidates of
the n-th node in a KG path and the end of path embedding MP,,,. 7% € R%m»
denotes the k-th MP candidate of II,,. We compute Cross Entropy loss of length

and KG path prediction to optimize HiITKG:

Loy =VLcr(yn 1) + Mcp(yp 9p) +€ Y w’ (5.8)
Where §; and ¥, denote the ground truth path length and KG path, respectively.

v and A are weight coefficients. €y w? is the weight decay term.

5.3.4 Global-level Goal Learning

We propose a reinforcement KG walker HITKG-RL, which has the same architec-
ture as HiITKG, to walk on the Ggg under the guidance of a global goal. This
learning stage can be viewed as the combination of a pre-train stage (generally the
same as stage 1) and a fine-tuning stage where we apply a reinforcement framework
to teach the pre-trained KG walker how to approach the global goal without losing

naturalness.

User Simulation We train a user simulator to generate user responses as dia-
logue history when interacting. The user simulator has the same architecture as
the KG walker, which takes the dialogue history and KG path history as input
sources. The decoder input sequence S™" = [V,; t] is different from that of the KG
walker, where V. denotes the KG vertex of current turn. Instead of predicting the
KG paths, the decoder output is modified to predict the probability distribution
over a fixed vocabulary set to generate human responses. The dialogue history is
solely composed of the simulated responses. The omission of the second speaker’s
response barely influences the overall performance of KG path reasoning, which is

indicated by an ablation experiment.

Distance Embedding To measure how close the current node is to the global

goal entity, a distance metric is required. We directly use the graph distance® as

the distance metric since the dot product of TransE embeddings does not provide

3The minimum length of the paths connecting two vertices.
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good estimations of distances when the vertices are far away from each other. We
traverse the graph to obtain a distance matrix D between all vertex pairs and then
perform matrix factorization to get two low-dimensional matrices. Given a vertex,

we retrieve the vector at the corresponding position as its distance embedding €.

Policy The policy model HITKG-RL has the same architecture as HITKG, while
the MetaPath is modified: MP,;=[€,; €,;€,4|, in order to incorporate the distance
information. To maintain the same MetaPath structure between stage 1 and 2, we
conduct the turn-level goal learning at stage 2 with MP,; instead of MP (HiTKG
performs best with MP at stage 1). The encoder and decoder inputs constitute the
observable states. HITKG-RL predicts a one-hop KG path at each step and tries
to approach the global goal. We employ A2C* [234] to optimize the model.

Reward At the ¢-th turn, we directly obtain the distance of two vertices d;(vy, v2)
from D and estimate the reward based on this. If di(Veep, &) < di—1(Veop, &), then
the reward is set to 1, otherwise the reward is 0. v, denotes the ending entity of
the path predicted. Currently, due to the lack of automatic KG path evaluation
metrics, we use distance as the only criterion. The future work will introduce more

evaluation criteria of KG paths such as naturalness.

5.4 Experiments and Results

5.4.1 Dataset

We conduct our evaluation on OpenDialKG [22]. It is a dialogue - KG dataset
where each utterance of a dialogue is annotated with a KG path, which enables
learning graph walkers to reason over the KG based on the conversations. It consists
of 15K dialogues and 91K turns. Each dialogue is produced by two crowd workers
and grounds on a given topic. We follow the baselines and split it into the train
(70%), dev (15%), and test set (15%).

4A2C replaces the Q value of Actor-critic’s gradient with the expected advantage and the learning
process is more stable compared with policy gradient methods.
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5.4.2 Experimental Settings

Baselines To evaluate stage 1 learning, we compare our results with six baseline
models. However, we do not benchmark against previous work to evaluate stage
2 learning, since we can hardly find any similar work, or related codes are not

available.

Generally, the six baseline models can be divided into breadth-centric and depth-
centric models. Tri-LSTM [43] is a breadth-centric model that augments its dia-
logue inputs with wide-ranging shallow KG facts to retrieve short KG paths. The
other five baselines and HiTKG are depth-centric models which focus on a small
set of KG entity-relation connections and perform deep reasoning over the KG.
Among them, Seq2Seq and DialKG Walker were proposed in [22], while Seq2Path,
AttnFlow, and AttnIO were proposed in [21].

Implementation Details The MetaPath is the basic component of KG path
representations, while we perform moderate modifications under different situa-
tions. When encoding an n-hop KG path history wherein the one-hop KG path
components are in series connections, a starting MetaPath MPy,,=[€p0p; €15¢] 18

added to the beginning to indicate the starting point in KG.

In contrast, at the graph decoding stage, when predicting probability distribution
over the one-hop neighbors of the current entity, MP;,, is not required, since all
of the paths start from the current entity and they are in parallel relationships.
In addition, stage 1 and 2 use MetaPaths of different structures, as stated in Sec-
tion 5.3.4. We use Pytorch [235] to implement our model, which is trained on
two RTX 8000 GPUs. We tune the hyperparameters by grid searching the hyper-
parameter space and choose the following settings that perform best: number of
encoder/decoder layers: 2/6; dimension of the KG walker: 768; dimension of the
KG embedding: 384 (stage 1), 256 (stage 2); loss coefficients v/A: 0.1/0.9; number
of attention heads: 12; learning rate: 1073; dropout rate: 0.1; L2 regularization
parameter e: 1075; batch size: 10. We use learning rate scheduler to tune the learn-
ing rate manually and patient & early stopping to avoid overfitting. In addition,

we use gradient clipping to avoid gradient explosions.
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TABLE 5.1: Path-level (path@k) and target-level (tgt@k) performance of super-
vised KG path reasoning at stage 1 (metric: recall@k). HiTKG is benchmarked
against several state-of-the-art baselines and ablation models on the OpenDi-
alKG dataset.

Model Recall@k

path@1 path@3 path@5 path@10 path@25 tgt@l tgt@3 tgt@5 tgt@10 tgt@25

Tri-LSTM 3.2 14.2 22.6 36.3 56.2 - - - - -

Seq2Seq 3.1 18.3 29.7 44.1 60.2 - - - - -

DialKG Walker 13.2 26.1 35.3 47.9 62.2 - - - - -
Seq2Path 14.92 24.95 31.1 38.68 48.15 15.65 27.04 33.86 42.52 53.28
AttnFlow 17.37 24.84 30.68 39.48 51.4  18.97 36.23 45.48 58.84 71.35
AttnlIO 23.72 37.53 43.57  52.17 62.86 24.98 43.78 53.49 65.48 78.79
HiTKG - 2EMP 24.16 37.01  46.78 58.12 67.83 30.01 43.22 55.19 66.73 85.36
HiTKG - DK 24.55 38.01 48.02  58.17 70.39 30.89 43.92 53.68 71.01 85.26
HiTKG - W2 2582 38.56 48.63  57.93 71.25 30.99 46.29 55.91 70.88 85.15
HiTKG - WLH 24.49 37.31 49.10 58.22 70.12  30.13 43.29 54.76 70.16 85.52
HiTKG - SP 2398 3521 39.29 53.25 66.81 25.02 45.15 50.52 63.77 80.31
HiTKG-RL 25.12  36.55  45.67 56.37 69.18 30.99 46.67 54.16 67.20 85.19
HiTKG 25.99 38.67 49.18 59.32 71.27 31.11 46.29 55.59 71.61 86.09

5.4.3 Evaluation

Results

are presented in Table 5.1. Following the baselines, we use recall@Qk as the eval-

The turn-level goal planning performance of baseline models and HiITKGs

uation metric of path-level (path@k) and target entity-level (tgt@Qk) correctness.
HiTKG outperforms all baselines we benchmark against in both path@k and tgtQk,
with two metrics worse than the ablation models. The performance gain is signif-
icant, especially in recalls with larger k: there is a 13% relative improvement in
path@25 and 9% in tgt@25. As illustrated in Section 5.3.4, at the second learning
stage, we use a different MetaPath structure to represent the KG paths and KG
neighbors for both supervised and reinforcement learning. Thus, we also report
the performance of turn-level goal planning at stage 2. HiTKG-RL is designed
for reinforcement learning, while it shows comparable performance with HITKG
when trained in a supervised fashion, even outperforming in tgt@3. This result
indicates that the introduced distance embedding does not significantly influence

the performance of turn-level goal planning at stage 2.

Tri-LSTM, Seq2Seq, Seq2Path, and DialKG Walker are recurrent graph walkers,
which deliver history information with a fixed-length vector. The use of a fixed-

length vector creates a performance bottleneck in KG reasoning and these recurrent
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baseline models show at least 42.59% lower performance than HITKG in path@1.
In addition, recurrent units suffer from short memories, restricting the performance
in long KG path predictions. The trajectory is a good form to represent dynamic
information and we leverage dialogue history and KG path history as two trajectory
sources for goal planning. Most of the baselines omit the KG path history and only
learn utterance patterns for KG walking. However, KG path history records the
KG trajectory up to the previous turn and is an important guide to a KG walker,
e.g., the model knows which paths have been walked in previous turns, which
avoids or reduces repeated attempts. DialKG Walker and AttnlO are two state-of-
the-art KG walkers. The recurrent architecture of DialKG Walker limits itself in
feature representation, which causes its comparatively low performance, especially

in recalls with small k.

Besides, when computing the context vector at the decoding stage, it needs to com-
pute attention scores over the whole relation space, which can be computationally
expensive and may affect the quality of the resulting context vector. AttnlO com-
putes an incoming attention flow to represent entities and an outgoing attention
flow to select KG paths. This design ensures an optimum path at the decoding
stage because it reserves all potential paths at each step. However, to predict a
T-hop path where each node has N neighbors on average, the computation of out-
going attention flow has a complexity of O(NT), which is not scalable to long KG
path predictions. In addition, all baseline models separately deal with the entity

and relation paths, which breaks the semantic structure of KG paths.

Ablation Study We conduct five ablation studies as reported in Table 5.1. (1)
First, we experiment with the 2-entity MetaPaths (2EMP) where MP=[€,,; €; €,,].
The performance degradation suggests that the redundancy of entity information
harms the training. (2) Next, the encoder-decoder attention layers oy, and ogiq
are swapped (DK). Placing the layer oy, in front of oy, outperforms the reversed
condition, which implies that it is more reasonable to select low-level information
(dialogue history) with a higher one (path history), demonstrating a better way to
compute hierarchical attention. (3) We test the performance of supervised path
learning without the utterances from speaker 2 (W2). We find that, although per-
formance is slightly degraded, results are still comparable, even higher than the
standard setting in tgt@5. We infer that this is because given speaker 1 (user)

and speaker 2 (agent), speaker 2 will pay more attention to the utterances from
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speaker 1 instead of his own for goal planning. In addition, the KG path history
contains most of the essential information in the utterances from speaker 2. (4) To
investigate the contribution of OLH, we train the KG walker without it (WLH) and
this causes performance to drop 1-2%. (5) The fifth ablation model separately pre-
dicts entity and relation paths (SP), using both distributions for one-hop KG path
reranking at each decoding step. A drop in performance suggests the contribution

of MetaPath, which concurrently considers entity and relation information.

TABLE 5.2: The success rate of reaching the global goal entity.

Distance / Success Rate (%)
3 ) 7 9 11

HiTKG 2 0 0 0
HiTKG-RL 66 27 11 2

Model

Success Rate Whether the agent can reach the global goal entity is a natural way
to evaluate whether stage 2 works. For each case, we randomly select a beginning
node vy and a target global goal g which has a graph distance of 3/5/7/9/11
from vy4. We report and compare the success rate of 100 independent attempts
by HiITKG and HiTKG-RL, respectively, as shown in Table 5.2. The HiTKG is
only trained at stage 1 while HITKG-RL undergoes both stages. It is indicated that
without global goal guided training, the HITKG can barely succeed (only 2 cases
succeeded by chance). Whereas HITKG-RL has a 66% success rate at distance 3
and declines as the distance rises. The decline is partially ascribed to the trade-off

between naturalness and success.

TABLE 5.3: Ranking results of the semantic closeness between ending node and
global goal, and the path naturalness. The results are presented as the number
of instances a certain model is ranked as a certain ranking (averaged).

Naturalness Semantic Closeness
Model
1st 2nd 3rd 4th 1st 2nd 3rd 4th
HT 9 5.8 18.2 67 41 33.8 10.2 15

GT 39.2 | 278 24 9 126 | 172 | 39.8 | 304
Hi 32.6 | 43.2 18 6.2 7 11.8 | 41.2 40
Hi-RL | 19.2 | 232 | 398 | 17.8 | 394 | 37.2 8.8 14.6
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Human Evaluation We aim to plan natural turn-level goals at stage 1, while
at stage 2 we aim to approach the target without losing naturalness. We con-
duct human evaluation to further evaluate the path naturalness of both stages and
the approaching effectiveness of stage 2. We sample 100 2-hop KG paths from
Shortest Path (SP), Ground Truth (GT), HiTKG (Hi), and HiITKG-RL (Hi-RL),
respectively, and combine them into 100 four-tuples where each path tuple corre-
sponds to a certain starting entity vy in OpenDialKG and global goal g which is 3
units away from vig. Each path starts from vi, and does not reach g. SP denotes
the shortest paths from viy to g. Hi is only trained at stage 1 while Hi-RL un-
dergoes both stages. Five human evaluators independently rank the four paths in
each tuple regarding the path naturalness and the semantic closeness between the
ending node and global goal. As shown in Table 5.3, GT and Hi paths show dom-
inance in top rankings of naturalness, which indicates the effectiveness of stage 1;
Hi-RL paths have significantly more instances than SP in top naturalness rankings,
indicating that Hi-RL reserves naturalness when learning to approach global goal
(comparing with Hi, it sacrifices some naturalness to approach the target). Hi-RL
paths rank first in 39.4% closeness rankings, only second to the SP. It indicates

that Hi-RL effectively approaches the target in semantic space when reasoning over
the KG.

TABLE 5.4: Comparison of KG paths generated from models trained at stage 1
under a context (including ground truth).

Conversation P1: Fiona Stafford wrote Emma. It’s a romance novel.
Are you into that genre?
P2: Any other books that might fall under comedy? I'm
in the mood for something light.
P1: [response]

GT [BOP], Comedy) — (genre of, One Crazy Summer)

(
AttnFlow  ([BOP|, Comedy) — (parent genre, Slapstick)
(

AttnIO [BOP], Comedy) — (subject of, The War of the Worlds)

— (written by, Arthur. C. Clarke)

HiTKG ([BOP], Comedy) — (genre of, Slacker) — (release year,
(WLH)  1991)

HiTKG ([BOP], Comedy) — (genre of, One Crazy Summer)
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Case Study Table 5.4 presents the example KG path predictions from models
trained at stage 1 under the same conversational context in [21]. With the starting
entity Comedy, the proposed HITKG predicts precisely in both content and length.
In contrast, the baseline models tend to select paths that are different from the
ground truth, which lacks naturalness and may not fit the context. In addition, we
also showcase the output of an ablation model which predicts without the OLH.

The generated path is not consistent in length compared with the ground truth.

TABLE 5.5: Comparison of KG path selections among neighbor candidates under
global goal guidance and a given context.

Conversation P1: Do you have books by Yann Martel?
P2: He wrote Life of Pi and Beatrice and Virgil. Have
you read either of those?
P1: [response]
Candidates  (in language, English) [d=1]; (release year, 2010) [d=3];
(written by, Yann Martel) [d=3]

Global Goal ~ An American in Hollywood

HiTKG ([BOP], Beatrice and Virgil) — (release year, 2010)

HiTKG-RL ([BOP], Beatrice and Virgil) — (in language, English)

We compare how KG walkers choose one-hop paths given a global goal, as shown
in Table 5.5. At the node Beatrice and Virgil, there are three candidate paths to
select, which ends with entities that are 1/3/3 units away from the global goal An
American in Hollywood. In general, the walker trained with both stages tends to
choose the entity that is the closest to the target, in both topological and semantic

spaces.

5.5 Summary

We propose HiTKG, a hierarchical Transformer based KG walker that leverages
multiscale inputs for graph reasoning in dialogues. HiTKG first learns to plan
natural turn-level goals and then learns to approach a global goal. Both automatic
and human evaluation illustrate the effectiveness of our method. In the future, we
will investigate how to improve the embedding, learning framework, and evaluation

criteria of stage 2 to further extend this topic.
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ChatGPT [236] is a recent sub-symbolic dialogue system trained with cutting-edge
supervised and reinforcement learning techniques. There is no comparable result to
benchmark our HITKG against it. However, HITKG’s (neural-symbolic) advantage
is that it incorporates KG as the external knowledge, thus possibly saving a large
amount of data and achieving more interpretable and robust reasoning. On the
other hand, the highly logical responses of ChatGPT indicate that, with correct
training techniques and enough data, the sub-symbolic approaches are also capable

of learning strong reasoning abilities.



Chapter 6

Conclusion and Future Work

This section summarizes the thesis and demonstrates some potential future works
that deserve exploring. In this thesis, we propose state-of-the-art models that show
superior performances in language transduction (MT, LM, and AS), understanding
(ID, SF, and ER), and reasoning (DCR). We focus on optimizing the attention
mechanism for better sub-symbolic and neural-symbolic architectures, which sheds

light on future architectural designs for NLP tasks.

6.1 Conclusion

This thesis studies optimizing attention mechanisms for sub-symbolic-based and
neural-symbolic-based NLP tasks. The attention-based architectures are optimized
to solve the inherent issues of the attention mechanism itself such as redundancy
and over-parameterization, or issues that exist in the tasks such as the granularity
gap in SLU and the short-sighted problems in DCR.

We first try to solve the redundancy and over-parameterization issues of multi-
head attention. We assume that only focusing on the most essential and different
features may mitigate the above issues. In particular, we propose the Grouped
Head Attention (GHA) trained with a self-supervised group constraint that forces
MHA to divide its heads to work in several separate groups, where each group
focuses on an essential but unique feature subset. We further propose a Voting-

to-Stay procedure to remove redundant parameters in GHA and obtain GHA-PS,

95
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a lighter-weight attention. The improvements on three tasks and the extensive
analysis verify our hypothesis and the effectiveness of our redundancy optimization
methods. Our study provides guidance on future MHA design and training to

achieve higher performance.

We then ease the modality and granularity inconsistency problem when transfer-
ring knowledge for Spoken Language Understanding tasks, by refining the atten-
tion hidden states based on the attention map distribution. We propose the Prior-
informed Adaptive knowledge Distillation (PAD) that leverages adaptive spans and
the in-stored significance prior distribution to achieve better alignments between
well-established text and speech pre-trained models. The experimental results and
analysis illustrate the effectiveness of PAD. We also observe that the trade-off be-
tween global and local alignments always exists because they may be contradictory

in essence.

Finally, we improve the multi-source and long-term commonsense reasoning in dia-
logues with a hierarchical attention-based decoding block. We present HiTKG,
a hierarchical attention-based graph walker that leverages multiscale inputs to
make precise and flexible reasoning on KG paths. Furthermore, we propose a
two-hierarchy learning framework that employs two stages to learn both turn-
level (short-term) and global-level (long-term) KG entities as conversation topics.
Specifically, in the first stage, HITKG is trained in a supervised fashion to learn
how to plan turn-level topic sequences; in the second stage, HITKG tries to natu-
rally approach the assigned global topic via reinforcement learning. In addition, we
propose MetaPath as the backbone method for KG path representation to exploit
the entity and relation information concurrently. We further propose Multi-source
Decoding Inputs and Output-level Length Head to improve the decoding control-
lability of the proposed hierarchical attention. Our experiments show that HITKG
achieves a significant improvement in the performance of turn-level topic learning
compared to state-of-the-art baselines. Additionally, both automatic and human
evaluation prove the effectiveness of the two-hierarchy learning framework for both

short-term and long-term KG reasoning.
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6.2 Future Work

6.2.1 Bias-free Attention-based Architectures

Different NLP tasks require different inductive biases. For tasks with short inputs,
the main concern is to look at the whole sequence and have each head looking
at different aspects [26]; whereas for tasks with long inputs, the main issue is
the quadratic complexity of the attention map computation [17, 18], hence local
receptive fields are preferred to reduce computation complexity and out-of-memory
issues. Moreover, tasks of different fields present different model inductive biases
as well. For example, NLP tasks assume that temporal dependencies exist between

tokens, whereas Computer Vision (CV) tasks require more spatial dependencies.

A meaningful future study will be exploring attention-based architectures that do
not rely on task-specific or input-specific inductive biases, and are thus scalable
to tasks of very different forms. Current models usually depend heavily on their
corresponding inductive biases and may have a large variance in their performances
when learning different tasks [237]. Thus, a single attention-based architecture that
does not rely heavily on specific inductive biases is more desirable, and it is more

similar to human brains that are well scalable to various tasks.

6.2.2 Universal Pruning Algorithms

The current attention-based models, such as Transformers, are heavy in their pa-
rameters, which is caused by either the Multi-Head Attention (MHA) [15, 16] or
Feed-Forward Network (FFN) [27, 36, 182] modules of them. In this thesis, based
on the Lottery Ticket hypothesis [185], we propose a divide-and-conquer strategy
that prunes unimportant attention heads. However, it is only applicable to models
that have completed Group-Constrained Training (GCT). Moreover, it prunes dif-
ferent heads for different tasks, which means that a model is not reusable for other
tasks once pruned. To this end, a universal pruning algorithm that directly prunes
on untrained /pre-trained Transformers without harming the model’s performance
and transferability will be impactful to the whole Al community. It increases the
efficiency of untrained/pre-trained models from various domains without additional

training and at a low cost.
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6.2.3 Interpretable Alignments between Pre-trained Mod-

els

In this thesis, we show that it is possible to achieve alignments between different
pre-trained models by refining the attention representations according to the priors.
In this way, the representations of the two models become similar so that knowl-
edge learned by one of them in a certain task is transferred to the other one that
solves other tasks. Currently, the alignments are end-level soft alignments that do
not exactly follow the original mapping relationships between two representations
[20] (e.g., in speech-text pairs, a non-blank speech frame can be translated to a text
token, thus forming a mapping relationship). Such alignments lack interpretability
and are not reliable despite their success on various downstream understanding
tasks. As such, there remains space for researching interpretable alignments be-

tween pre-trained models of various domains such as text, speech, vision, etc.

6.2.4 Ethical Considerations and Bias Mitigation of Large
Language Models

As large language models become increasingly integrated into real-world applica-
tions, addressing ethical concerns and mitigating biases within these models be-
comes paramount. Future research should emphasize developing frameworks and
techniques to identify and rectify biases in training data and model outputs. In-
corporating fairness and diversity metrics into the training process can help ensure
equitable and unbiased responses from language models, making them more reliable

and suitable for diverse user populations.

6.2.5 Continual Learning and Lifelong Adaptation

Large language models have traditionally been trained on static datasets, limiting
their ability to adapt to new information and evolving contexts. Future research
should focus on developing methods for continual learning, enabling language mod-
els to incrementally acquire knowledge and refine their understanding over time.

By leveraging techniques like transfer learning and reinforcement learning, models
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can continually update their knowledge base, adapt to new domains or languages,

and remain up-to-date with the latest information.






Appendix A

Additional Settings for Chapter 4

A.1 Trainig Settings

Machine Translation We use Adam to optimize the MT models and set the
f1 = 09,8, = 0.98. We use the Inverse Square Root Schedule [23] where it
first warms up for 4K steps until the learning rate reaches 5 x 107%, and then
it exponentially decays the learning rate. We apply early stop as a terminate
condition. We apply a 0.3 dropout rate for all Machine Translation models. A
weight decay of 1074 is used for all IWSLT 2014 models, whereas for WMT models
we use a weight decay of 0. We apply a 0.1 label smoothing [238, 239] for the

uniform prior distribution over the vocabulary.

Language Modeling Following Baevski and Auli [46], we use Nesterov’s ac-
celerated gradient method [240] with a momentum of 0.99. We clip the gradient
norm if it exceeds 0.1[241]. The learning rate is linearly warmed up from 107" to
1 for 16K steps and then annealed using a cosine learning rate schedule[242] with
multiple cycles. Each cycle doubles the number of updates than the previous cycle
and we shrink the maximum and minimum learning rates by 0.75 compared to the
previous cycle. The initial minimum learning rate is 10~* and the maximum is 1.
We apply 0.2 adaptive softmax dropout rate, 0.1 attention dropout rate, and 0.1

activation dropout rate.
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TABLE A.1: The configuration of «, §, and Feature Maps (FM, including V,
A, and O) for GHT and GHT-PS on different Machine Translation datasets.

Model IWSLT (a/B/FM) WMT (a/8/FM)

de-en it-en en-de en-it en-fr en-de en-fr
GHT 0.7/0.5/V{0.3/0.5/V [0.3/0.1/A|0.3/0.3/V |0.7/0.7/V |0.5/0.5/V | 0.3/0.3/V
GHT-PS|0.5/0.7/0]0.3/0.3/A |0.3/0.7/0| 0.3/1/V [0.5/0.3/A|0.5/0.5/V |0.3/0.3/V

TABLE A.2: The configuration of «, f, and Feature Maps (FM, including V,
A and O) for GHT and GHT-PS in Abstractive Summarization and Language
Modeling.

Model a/B/FM
GHT 0.5/0.5/V
GHT-PS | 0.5/0.5/V

Abstractive Summarization We use the same training set up with IWSLT
2014 models. We apply 0.1 clip norm and 0.2 attention dropout. The model is
warmed up for 10K updates.

A.2 GHT model settings

Machine Translation configurations are detailed in Table A.1; Language Modeling

and Abstractive Summarization are detailed in Table A.2.

Note that ¢ (v, a1, 0515 2i1) = T10(Vigs Zig) + Te(Qis; 2ig) + 730045 24y), We set
one of the {r, 7,73} to be 1, the other to be 0.

A.3 Datasets and Evaluation

For all three tasks, we follow the data pipeline of fairseq!.

Machine Translation (MT). To fully evaluate the effectiveness of our meth-
ods, we evaluate seven MT datasets of IWSLT 14 and WMT 2014 benchmarks.
We closely follow the setup of Vaswani et al. [23] for data preparation. WMT

lhttps://github.com/facebookresearch/fairseq/blob/main/examples


https://github.com/facebookresearch/fairseq/blob/main/examples
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2014 English-German dataset consists of about 4.5M sentence pairs. It is en-
coded with byte-pair encoding [243], having a shared source-target vocabulary
of about 40K tokens. Following the standard setting [23], we validate on new-
stest2013 and test on newstest2014 for experiments on this dataset. The WMT
2014 English-French dataset consists of 36M sentence pairs and is encoded with a
joint source-target BPE of about 43K vocabularies. Following the standard split,
we validate on a concatenation of newstest2012 and newstest2013 and test on
newstest2014. For IWSLT 14 German to English, IWSLT 14 English to German,
IWSLT 14 English to French, IWSLT’14 English to Italian and IWSLT’14 Italian
to English, we encode the sentence pairs with joint source-target BPE. Following
Edunov et al. [244], the validation set is randomly splited from the training set
with a ratio of 1:23. The testset consists TED.tst2010, TED.tst2011, TED.tst2012
and TED.dev2010, TEDX.dev2012 for IWSLT 14 German to English, IWSLT 14
English to German, and IWSLT 14 English to French; the TEDX.dev2012 is re-
placed by TEDX.dev2014 for IWSLT 14 English to Italian and IWSLT’14 Italian
to English.

For all Machine Translation datasets, we use detokenized BLEU. WMT 2014
English-German and WMT 2014 English-French are evaluated with a beam size 4
and length penalty 0.6; IWSLT’14 datasets are evaluated with a beam size 5 and
without length penalty.

Language Modeling (LM). We evaluate the LM of GHT on WIKITEXT-103
[32] which has about 100M tokens and a 260K BPE vocabulary. Following Baevski
and Auli [46], we use perplexity as an evaluation metric and a context window of

2047 at the inference stage.

Abstractive Summarization (AS). We also evaluate on CNN-DailyMail [245]
for AS to test the ability of GHT in hard tasks with long inputs. The dataset
comprises over 280K news articles paired with multi-sentence summaries. Following
Wu et al. [36], articles are truncated to 512 tokens and encoded with 50K BPE.
We use F1-Rouge [246] to evaluate the performance, including Rouge-1, Rouge-2
and Rouge-L.
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