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Recent advances in natural language processing (NLP) mainly relied on pre-trained language models

(PLMs) that are trained on vast amounts of data. Although these PLMs achieve remarkable success

in improving NLP performance over conventional approaches, they still struggle to accurately

understand the semantics of the text. Therefore, extra knowledge, especially the dynamically extracted

one, is expected to be leveraged to improve the understanding of the models in the text. This thesis

proposes a knowledge-driven approach for NLP that improves PLMs. By dynamically integrating

external knowledge from multiple sources, the proposed approach enhances model generalization in

different scenarios. Specifically, the thesis leverages three types of knowledge, namely, the lexicon

knowledge (e.g., n-grams) extracted directly from raw data, syntax knowledge (e.g., dependency

parse trees) obtained through existing toolkits, and the pattern knowledge (e.g., vectors) captured

during the training process. Several novel architectures are proposed to leverage the knowledge, such

as key-value memory networks for incorporating wordhood information, span attention mechanisms

with categorical grouping for improved syntactic parsing, and graph convolutional networks to

further enrich contextual representations. Extensive experiments on different NLP tasks at various

levels demonstrate the effectiveness of the proposed approaches, which outperform strong baselines

and existing studies. Overall, this dissertation not only broadens the definition and utilization of

knowledge in natural language processing but also lays a solid foundation for future research in

multi-modal, cross-domain, and low-resource environments.
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Chapter 1

Introduction

Modern natural language processing (NLP) models, such as Transformer-based architectures

(Vaswani et al., 2017) (e.g., BERT (Devlin et al., 2019) and GPT (Radford et al., 2018)), have

demonstrated remarkable capabilities in learning patterns from vast amounts of data. However, these

models still face challenges in understanding the deep semantics of texts and performing accurate

reasoning processing, and thus require additional knowledge sources (e.g., knowledge bases) to obtain

better performance (Laskar et al., 2024; Li et al., 2024; Matarazzo and Torlone, 2025). Typically,

knowledge sources refer to the existing knowledge bases or knowledge graphs (Miller, 1995; Baker

et al., 1998; Mendes et al., 2012), which are fixed and unable to be modified based on the input. In

practice, there are other types of information, such as the raw text from online resources (Gabrilovich

and Markovitch, 2009; Zhu et al., 2022), the parse tree of the input sentence (Schuster and Manning,

2016; Huang and Carley, 2019), and feature vectors of memory module (Hatalis et al., 2023; Wang

et al., 2023b), that are useful for text understanding. Therefore, one is able to extend the concept of

“knowledge” to cover a broader type of sources, referring to any useful information that dynamically

aids in decision-making and task execution rather than that confined to the conventional notion of

static information. This research explores how to utilize knowledge that is obtained automatically

from toolkits or learning processes to improve NLP tasks, where three different types of knowledge

in various forms, namely, ngrams, parse trees, and vectors, are studied.
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Figure 1.1: The development of the natural language process (NLP) approaches, where the focus of

this thesis is highlighted in orange color. “PLM” is the abbreviation for pre-trained language models.

1.1 Background

NLP has undergone several paradigm shifts over the past decades. It develops from rule-based models

(Sumita and Iida, 1991; Somers, 1999; Polanyi et al., 2004) through statistical learning approaches

(Klein and Manning, 2003; Forman, 2003; Koehn, 2009) to the latest neural network-based models

(Devlin et al., 2019; Tian et al., 2020e; Touvron et al., 2023a), which are summarized in Figure

1.1. The NLP approaches across different periods generally include a foundational paradigm along

with additional enhancements built upon it. Among all these enhancements, the use of knowledge

is particularly representative and has been a consistent theme throughout the development of NLP.

In this section, we first present the changes in the NLP paradigm, followed by the background of

knowledge utilization within it.

1.1.1 NLP Paradigms

Early NLP models are mainly rule-based (Sumita and Iida, 1991; Somers, 1999; Polanyi et al., 2004),

relying on handcrafted linguistic rules and symbolic representations of knowledge. These rule-driven

approaches are often precise in narrow domains but require extensive manual effort by experts to

enumerate linguistic and world knowledge, making them brittle and not easily scalable to the diversity

of natural language. Subsequently, as a series of natural language corpora (e.g., PTB (Marcus et al.,

1993; Xue et al., 2005)) are constructed to provide a data foundation for NLP development, statistical

approaches gradually become mainstream (Klein and Manning, 2003; Forman, 2003; Koehn, 2009).

These approaches avoid manual feature engineering and expert knowledge; they instead learn patterns
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from large-scale data for NLP tasks and outperform the rule-based approaches.

In order to improve the capability of models to capture deep contextual features and to handle

unseen cases, approaches based on neural networks are proposed (Wang et al., 2016a; Liu et al.,

2016a; Lyu et al., 2017), where better performance is obtained on many NLP tasks. Earlier neural

network approaches employ multi-layer perceptrons (MLPs), but they face challenges such as limited

feature extraction capabilities and scalability issues. Subsequently, more complicated neural network

architectures are proposed to address these issues. For example, convolutional neural networks

(CNNs) (LeCun et al., 1998) primarily extract local features through a layered structure, yet they

are not effective in handling sequential data that requires global understanding. To overcome this,

approaches based on recurrent neural networks (RNNs) (Rumelhart et al., 1986) are proposed,

utilizing recurrent connections to process sequences and capture temporal dependencies between

tokens. In particular, long short-term memory (LSTM) (Hochreiter, 1997) is a type of RNNs that

employ gated mechanisms to regulate information flow to overcome the vanishing gradient problem in

the standard RNN. It shows promising capability to capture contextual information of the running text

and thus achieves state-of-the-art performance on many NLP tasks such as named entity recognition

(NER), parsing, and machine translation (Limsopatham and Collier, 2016; Kiperwasser and Goldberg,

2016; Zhou et al., 2016a). Despite these improvements, LSTM still faces challenges such as low

computational efficiency and difficulties in capturing long-distance1 relations between tokens.

To address these challenges, the Transformer (Vaswani et al., 2017) model is proposed and

becomes the dominant approach in the field. The Transformer architecture utilizes a self-attention

mechanism that enables the parallel processing of input tokens, thereby enhancing computational

efficiency and facilitating model scalability. Moreover, the attention mechanism effectively identifies

important tokens, allowing the model to focus on critical information and improve contextual encod-

ing. Meanwhile, the rapid expansion of internet data has spurred the development of Transformer-

based pre-trained language models (PLM), which are initially trained on vast unlabeled data and

then fine-tuned for specific tasks. Two representative PLMs are BERT (Devlin et al., 2019) and GPT

series (Brown et al., 2020), which achieve remarkable performance on many NLP tasks. For BERT,

it employs a bidirectional encoding mechanism to capture context from both directions, and is able

1The “distance” means the number of tokens between two tokens in a sentence.
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to be adapted to a variety of NLP tasks by firstly being pre-trained on large corpora via masked

language modeling and next sentence prediction and then fine-tuned on labeled task data through

supervised learning. For the GPT series, they adopt an auto-regressive, unidirectional approach, and

are pre-trained on large text corpora to predict the next token and are subsequently fine-tuned on

NLP tasks, especially the generative ones, to enhance downstream performance.

Particularly, with the evolution of GPT series from relatively small PLMs (e.g., GPT (Radford

et al., 2018)) with millions of parameters to larger models (e.g., GPT-3 (Brown et al., 2020)) with

billions of parameters, researchers find the zero-shot and few-shot learning capabilities of these

models with more training data and larger model size. However, these models still primarily focus on

text completion and lack the capability to understand and follow human instructions. To enhance their

instruction-following abilities and align with human preferences, a three-stage training paradigm,

which includes pre-training, supervised fine-tuning (SFT), and reinforcement learning from human

feedback (RLHF), for LLMs is proposed (Ouyang et al., 2022). Being trained through the paradigm,

LLMs (e.g., GPT-4 (Achiam et al., 2023)) emerge intelligence by presenting the capability of

understanding, memorizing, generating, and reasoning, although challenges such as hallucinations

still remain (Touvron et al., 2023b; Taori et al., 2023b; Wang et al., 2024b). Therefore, LLMs become

the main focus of NLP research, where techniques such as chain-of-thought (CoT) prompting (Wei

et al., 2022) and retrieval-augmented generation (RAG) (Lewis et al., 2020b) are proposed to enhance

their capabilities. Nowadays, PLMs (particularly the LLMs) become the foundational backbone of

NLP, with emerging trends of applying them to NLP tasks from the general domain to a specific

domain, employing them for unimodal tasks to multimodal ones, and even utilizing them for artificial

general intelligence (AGI), such as agents or integrating them with robotics (Zeng et al., 2023; Gao

et al., 2024).

1.1.2 Enhancing NLP with Knowledge

Despite remarkable progress in the paradigm of NLP, many challenges remain to be addressed, one

of which is the difficulty of having an accurate understanding of the text, which helps the model to

produce reliable output. To improve text understanding, current deep learning models typically rely

on training data, especially the annotated data, so as to learn the semantics of the texts as well as
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the correlation between the text features and the desired output. Therefore, the neural models may

not perform well in scenarios where a large amount of training data is not available. Furthermore,

it is generally hard for these models to apply to domains that differ from their training data since

the models lack the domain knowledge to address the domain-specific tasks, which restricts the

applicability of models across diverse fields. Even with enough training data, current models still

show shortcomings when processing complex contexts. Particularly when handling long texts, models

often struggle to capture the key semantic information that provides hints for performing the task.

For example, in tasks that need to analyze the fine-grained sentiment of a particular term, LLMs

may fail to capture the local semantic relation between the modifier and the term, and predict the

sentiment of the entire text; in tasks that require reasoning, LLMs may produce fluent text, but the

reasoning process is problematic. This limitation causes models to produce errors or unreasonable

responses when they are applied to challenging tasks. Therefore, further enhancement is needed to

improve the models’ understanding of the text.

Among different types of enhancements, knowledge that provides helpful hints for the task is

able to improve the model performance on NLP tasks. For example, in low-resource settings where

there is insufficient training data, conventional deep learning approaches struggle to effectively learn

the way to process and understand the semantics and context information of the input. When external

knowledge, such as domain-related texts and reference materials, is leveraged, it is able to improve

the generalization capability of existing models without requiring intensive training (Hedderich et al.,

2021). For instance, in the machine translation task for low-resource languages, a list of parallel

word pairs between the languages is able to improve the translation quality (Jean et al., 2015; Gu

et al., 2018; Ranathunga et al., 2023). Meanwhile, in cross-domain settings where a model trained for

a particular domain is applied to another domain, the model generally obtains inferior performance

since it lacks the domain knowledge to perform the task. For example, a model trained on general

domain data may not be able to perform well on medical data since the language used in the medical

domain differs from that in the general domain, which makes it hard for the model to capture the

task-related features and leads to inferior performance. Knowledge is able to bridge the gap and help

the model to achieve better performance, which has been demonstrated by many existing researchers

(Roy and Pan, 2021; Gilson et al., 2022).

To leverage knowledge, many existing studies focus on existing knowledge bases or knowledge
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graphs (e.g., WordNet (Miller, 1995), FrameNet (Baker et al., 1998), and ConceptNet (Speer and

Havasi, 2013)). In this thesis, we name knowledge from these resources as static knowledge since

these knowledge bases are pre-constructed manually or semi-automatically and remain relatively

unchanged once established. These static knowledge resources face some problems. First, they are

hard to scale to address new information. Second, they have long update cycles, which prevent them

from applying to domains where the topics and word usage change rapidly (e.g., the social media

domain). Therefore, new types of knowledge are highly needed. In contrast to static knowledge,

there is another type of knowledge that is automatically obtained from data, such as the parse tree of

the sentence. We name this type of automatically acquired knowledge as dynamic knowledge, and it

is valuable to explore the approaches to leverage dynamic knowledge.

There are various types of dynamic knowledge utilized by language models. Conventional

forms include n-grams and syntactic parse trees, which can be explicitly extracted from text and

incorporated as additional inputs to enhance model performance. With the advent of LLMs, however,

the concept of knowledge representation has expanded from explicit, tangible forms to implicit,

abstract representations encoded directly within the model’s parameters. This evolution is driven

by the substantial parameter size of LLMs, which allows them to learn and memorize deeper and

more nuanced forms of knowledge, such as common-sense reasoning and world knowledge, that

smaller models are typically incapable of capturing effectively. As a result, LLMs have demonstrated

emergent capabilities indicative of enhanced intelligence (OpenAI, 2023; Taori et al., 2023a; Touvron

et al., 2023b). Within this context, researchers increasingly regard the training of LLMs as a form of

knowledge acquisition. This perspective becomes particularly prominent during domain-specific or

task-specific fine-tuning processes, where LLMs learn specialized knowledge from domain-specific

datasets (Xu, 2023; Han et al., 2023). The outcome of this learning is effectively captured and

represented through the model’s parameters, demonstrating the shift from externally provided explicit

knowledge to internally encoded implicit knowledge representations.

1.2 Research Questions and Goals

Based on the research background and motivations, this thesis primarily addresses the following

overarching research question:
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Given a specific NLP task, how to determine what types of knowledge are relevant, how to

effectively acquire such knowledge, and how to integrate it efficiently into the models to enhance

performance?

This question comprises three interrelated components. First, identifying the relevant knowledge

requires examining the characteristics of tasks, such as their granularity, domain specificity, and

underlying linguistic phenomena, to determine suitable knowledge forms and sources. Second, ad-

dressing the acquisition of knowledge needs to effectively leverage automated knowledge extraction

and learning approaches for dynamically obtaining task-specific knowledge. Lastly, the question of

knowledge integration requires developing model architectures to encode, filter, and dynamically

update knowledge representations, enabling the model to leverage knowledge during inference.

Therefore, the overall objective of this thesis is to develop approaches that integrate diverse types

of knowledge into NLP models, and thus improve the performance on various tasks across different

levels. In other words, this thesis identifies which types of information are appropriate for a given

task and to design model architectures that are able to effectively incorporate external knowledge

during training and inference. In this thesis, we focus on three categories of knowledge: information

extracted from raw data through unsupervised approaches, knowledge obtained via external toolkits,

and features learned from the training process. Each category provides unique advantages in terms of

the level of context information it contributes to the task. For instance, information from raw data,

such as n-grams extracted using unsupervised approaches, is used to offer local contextual clues for

tasks at the lexical level. Outputs from external toolkits, such as dependency parse trees, provide

structural details that support semantic and pragmatic understanding. Furthermore, knowledge

derived from the learning process appears as task-specific vectors or soft prompts that enhance the

model’s performance on complex application-level tasks.

Meanwhile, this thesis also aims to establish a framework that determines the appropriate type

of information for a specific task. Tasks at the level of word segmentation or syntactic parsing

require simpler forms of contextual clues, whereas tasks related to information extraction, sentiment

analysis, or dialogue generation need higher-level representations and reasoning abilities. By carefully

matching the form of external information to the needs of each task, our approaches are expected to

perform well even in different scenarios.

A further goal is to design architectures that effectively incorporate external information into
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deep learning models. Specifically, we propose specialized mechanisms such as key-value memory

networks (KVMN), attentive graph convolutional networks (A-GCN), and reinforced optimization

approaches. These components enable the model to selectively leverage information that is most

relevant to the task while reducing noise from less useful features. Overall, this thesis establishes a

unified approach for leveraging external information to enhance model generalization and adaptability,

particularly in challenging or dynamic application scenarios.

1.3 Contributions

This thesis makes several contributions by proposing frameworks for dynamic external knowledge

integration and designing model architectures that incorporate diverse knowledge sources into PLMs.

The details are illustrated as follows.

First, this thesis utilizes various types of knowledge in different forms, namely, ngrams, parse

trees, and vectors that are obtained from raw data, existing toolkits, and the learning process,

respectively, for diverse NLP tasks. Specifically, extracting n-grams from raw text provides local cues

that support tasks that require shallow understanding of the text; dependency structures from external

toolkits offer structured guidance for tasks that require a deep processing of the text; knowledge

vectors that are learned during the training process are able to provide hints for complicated tasks

that need to understand the core semantics of the data. Second, this thesis proposes novel model

architectures that fuse diverse external information with PLMs. We develop specialized modules,

including KVMN, A-GCN, and attentive layer ensembles, which allow different forms of knowledge,

such as sequential, graph-structured, or vectorized knowledge, to be incorporated into task-specific

representations. Finally, empirical evaluations show that our integration mechanisms consistently

enhance performance across a range of NLP tasks, such as parsing, named entity recognition, relation

extraction, and aspect-based sentiment analysis. Moreover, our approach effectively addresses the

noise in the knowledge while preserving essential context, enabling robust and adaptive performance

in both standard and challenging scenarios.
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1.4 Outline

The thesis is organized as follows. In Chapter 2, we provide a literature review on knowledge usage

in NLP. In Chapter 3, we provide an overview of the knowledge sources, approaches, and tasks that

are going to be discussed in the thesis. In Chapter 4, Chapter 5, and Chapter 6, we present our study

on leveraging knowledge from raw data, toolkits, and learning processes, respectively. In Chapter 7,

we draw conclusions to summarize the paper.
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Chapter 2

Literature Review

In the literature review, we illustrate existing studies for knowledge usage in NLP, knowledge

sources, and knowledge integration techniques.

2.1 Knowledge Usage in NLP

With the development in NLP, the use of knowledge undergoes remarkable changes. Early NLP

approaches primarily rely on manually crafted rules and knowledge (Sumita and Iida, 1991; Somers,

1999; Polanyi et al., 2004). At this stage, the most notable characteristic is that linguistic rules

or predicate logic are applied directly to process natural language, leading to the emergence of

rule-based NLP systems, such as ELIZA (Weizenbaum, 1966), SHRDLU (Winograd, 1971), and

LUNAR (Woods, 1973). ELIZA uses a pattern-matching approach to simulate a psychotherapist

engaging in dialogue. SHRDLU employs a rule-based and dialogue management approach to

handle tasks involving robotic manipulation of objects. LUNAR applies a fact-querying approach to

interpret and answer questions regarding lunar rocks. As computational power increases and corpora

accumulate, statistical approaches such as n-gram language models, hidden Markov models, and

maximum entropy models, increasingly dominate NLP. Although the approach shifts from rule-driven

to data-driven, knowledge continues to play a crucial role. For instance, the PCFG (Charniak et al.,

2006) syntactic parsing approach integrates rules and statistics by assigning statistical probabilities

to grammatical rules to aid in resolving ambiguities. Similarly, linguistic knowledge is harnessed to
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build feature templates, which facilitates the more effective extraction of task-relevant features.

With the advent and evolution of PLMs (including the LLMs), NLP gives rise to paradigms

such as pre-training and fine-tuning, zero-shot, few-shot, chain-of-thought, and retrieval-augmented

generation, thereby transforming the approach to knowledge utilization (Touvron et al., 2023a,b;

Taori et al., 2023b; Chiang et al., 2023). During this period, PLMs and LLMs are characterized

by having more parameters and by training on massive datasets, which allows them to embed the

knowledge present in the training data within their parameters. Sometimes, this embedded knowledge

is sufficient to address the task at hand, shifting the emphasis to activating the relevant information;

as a result, numerous prompt engineering approaches emerge. For instances where LLMs do not

learn certain knowledge, additional information, such as the knowledge acquired via external toolkits,

is provided to help the model learn or utilize this knowledge, thus accomplishing the specific task.

In summary, the application of knowledge evolves from explicit rule-based systems to implicit

learning, and from static knowledge bases to dynamic knowledge acquisition. Each stage presents its

unique form of knowledge representation and utilization, reflecting the evolution of technology and

task requirements.

2.2 Knowledge Sources for NLP

Knowledge plays a vital role in the NLP field, and commonly used forms of knowledge include

knowledge bases, data features, toolkit-extracted features, and knowledge vectors (Shrestha, 2014;

Huang et al., 2019b; Mandya et al., 2020; Liu et al., 2021). A knowledge base, such as a dictionary

or knowledge graph, is generally built through manual or automated approaches and stores carefully

curated, structured information with clearly defined relationships. For example, WordNet (Miller,

1992) is a lexical database that groups English words into sets of synonyms and maps their semantic

relations; ConceptNet (Liu and Singh, 2004) is a more recent commonsense knowledge base that

connects everyday concepts. Structured knowledge bases, enriched by human expertise, present

high accuracy and quality, making them suitable for scenarios with little or no data and widely

applicable in various NLP research, especially during its early stages. However, these knowledge

bases require frequent maintenance, incur high costs, and struggle to adapt quickly to changes,

resulting in suboptimal computational efficiency. With the development of data resources, such as
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encyclopedic sources like Wikipedia and specialized document repositories, it becomes possible

to extract knowledge from the raw data of these datasets These forms include statistical features

(e.g., term frequency–inverse document frequency (TF-IDF)), contextual features (e.g., N-grams),

and semantic features (e.g., distributed word embeddings). Such knowledge presents latent patterns

in language use, enabling dynamic extraction when needed and supporting NLP systems, yet in a

relatively superficial manner.

With the advancement of model training techniques, various knowledge extraction toolkits are

used (Manning et al., 2014b; Neumann et al., 2019; Qi et al., 2020). These toolkits are typically

trained on manually annotated data or leverage human-designed rules, allowing them to extract

deeper insights from data more efficiently and accurately. A typical example is the Stanford CoreNLP

toolkit (Manning et al., 2014b), which provides a pipeline for performing a wide range of NLP

tasks, such as tokenization, sentence splitting, lemmatization, part-of-speech tagging, named entity

recognition, constituency and dependency parsing, coreference resolution, and sentiment analysis.

Although these toolkits dynamically extract more in-depth knowledge compared to data-derived

features, they sometimes suffer from limited expressiveness and insufficient coverage.

Moreover, to enhance the computationality of knowledge and its integration with neural network

models, particularly LLMs, vectorized knowledge is developed (Liu et al., 2021). This type of

knowledge is obtained either by vectorizing existing knowledge through text representation models

or directly from the learning process. In terms of vectorizing existing knowledge, text representation

models are employed to encode knowledge bases into vector repositories; for example, the Universal

Sentence Encoder (Cer et al., 2018) converts sentences into semantic embeddings, and Sentence-

BERT (Reimers and Gurevych, 2019) produces semantically meaningful sentence vectors. From the

learning perspective, knowledge is acquired by establishing knowledge-related supervisory signals

and updating the parameters of knowledge vectors via backpropagation (Kim et al., 2020). For

instance, some studies fine-tune LLMs on domain-specific data to capture specialized knowledge (Xu,

2023), others employ reinforcement learning to capture human preferences (Ouyang et al., 2022),

and some utilize soft prompting to learn domain and task-specific knowledge (Lester et al., 2021).

Knowledge acquired through the learning process presents high expressiveness and flexibility, yet it

suffers from poor interpretability.

In summary, the sources of knowledge are gradually shifting from singular static knowledge
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bases to multi-sourced, multi-form approaches; particularly in a data-rich environment, dynamically

extracted and learned knowledge attracts significant attention due to its lower acquisition costs and

enhanced computational efficiency.

2.3 Knowledge Integration Techniques

In different situations and tasks, the approaches for knowledge fusion vary. In different situations and

tasks, the approaches for knowledge fusion vary. In recent years, researchers have developed a variety

of techniques that combine multiple sources of information into natural language processing systems.

Early work in this area focused on using statistical patterns derived from large-scale unannotated

texts. For example, in Chinese word segmentation, methods that extract n-gram patterns using

measures such as pointwise mutual information have been incorporated into character-level models

(Xue and Shen, 2003; Peng et al., 2004; Levow, 2006; Zhao et al., 2006; Zhao and Kit, 2008; Li

and Sun, 2009; Song et al., 2009a; Li, 2011; Sun and Xu, 2011; Mansur et al., 2013; Zhang et al.,

2013; Pei et al., 2014; Chen et al., 2015; Ma and Hinrichs, 2015; Liu et al., 2016b; Zhang et al.,

2016; Wang and Xu, 2017; Zhou et al., 2017; Chen et al., 2017c; Ma et al., 2018b; Higashiyama

et al., 2019; Gong et al., 2019; Qiu et al., 2019). These techniques extract patterns directly from raw

data and fuse them with neural representations, thus providing additional local context that improves

segmentation performance. Empirical studies reveal that such integration improves evaluation scores

in segmentation tasks compared to methods relying solely on character-based features.

Neural models have emerged as powerful frameworks for fusing external information with

learned representations. In the domain of parsing, researchers initially developed transition-based

approaches (Sagae and Lavie, 2005) and chart-based models (Collins, 1997; Glaysher and Moldovan,

2006) that incorporate handcrafted features. With the advent of deep learning, recurrent neural

networks and later Transformer-based models provided enhanced encoders that capture contextual

dependencies over long distances (Dyer et al., 2016; ?; Liu and Zhang, 2017; Stern et al., 2017;

Gaddy et al., 2018; Kitaev and Klein, 2018; Kitaev et al., 2019; Fried et al., 2019). In this context,

additional knowledge is often integrated by incorporating extra resources. For instance, some studies

reformulate parsing as a sequence-to-sequence generation problem (Vinyals et al., 2015; Suzuki

et al., 2018) or as a sequence labeling task (Gómez-Rodrı́guez and Vilares, 2018). Other research
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incorporates information from pre-trained embeddings or employs extra grammatical representations

such as head phrase structure grammar (HPSG) (Zhou and Zhao, 2019; Mrini et al., 2019) to refine

parsing outputs. Such techniques use knowledge extracted from external corpora or computed

from automatically parsed text, enabling models to capture both local and global dependencies.

Experimental evaluations have shown that these methods yield higher parsing accuracies and better

tree structures in comparison with approaches that rely solely on raw sequential representations.

The integration of external information is also widely explored in the field of biomedical named

entity recognition (BioNER). Researchers in this area leverage both domain-specific text encoders

and external knowledge sources to capture medical entities with higher precision. Early feature-based

methods relied on manually designed features and domain-specific lexicons (Song et al., 2005;

Rebholz-Schuhmann et al., 2007; Hettne et al., 2009; Liao and Wu, 2012; Leaman et al., 2015). With

the emergence of neural models such as biLSTM and later BioBERT (Habibi et al., 2017; Luo et al.,

2018; Dang et al., 2018; Lee et al., 2019), the focus shifted toward integrating automatically derived

syntactic information with learned representations. Many studies use off-the-shelf tools to obtain

syntactic structures—for instance, dependency parse trees and constituent labels—which are then

transformed into embedding vectors. These vectors are concatenated with word embeddings or fused

using element-wise operations. For example, one approach uses part-of-speech and constituency label

embeddings, merging them with word-level features to enhance a biLSTM-CRF model for chemical

entity recognition (Luo et al., 2018). Other models such as D3NER (Dang et al., 2018) utilize similar

integration strategies, although they generally treat all syntactic signals uniformly. Empirical findings

indicate that while these methods often improve BioNER performance over baseline models, they are

susceptible to errors introduced by noise in the automatically extracted syntactic information.

In relation extraction, external knowledge is pivotal for capturing long-distance associations

between entities. Dependency structures, in particular, offer valuable cues for linking entities that do

not appear in close proximity within the text. Several studies adopt graph convolutional networks

(GCN) to encode dependency trees and extract features relevant to semantic relations (Zhang et al.,

2018; Guo et al., 2019). Some approaches prune dependency graphs using heuristics such as retaining

only the shortest dependency path between two entities (Xu et al., 2015b; Miwa and Bansal, 2016),

but such strategies are prone to discarding useful contextual signals. Subsequent work uses a trade-off

pruning strategy that balances the need to filter out noise with the preservation of essential relational
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information (Zhang et al., 2018). Additional strategies include dynamic pruning (Yu et al., 2020)

and the application of extra attention layers (Mandya et al., 2020), which provide the model with the

capacity to assign varying importance to different dependency edges. These approaches collectively

contribute to enhanced precision and recall in relation extraction tasks, as evidenced by improved F1

scores over models that omit dependency structure integration.

Aspect-based sentiment analysis (ABSA) represents another domain where the fusion of external

knowledge plays a crucial role. ABSA requires the model to determine sentiment polarity for specific

aspects within a sentence. Early models address the task by combining aspect terms with overall

sentence representations using recurrent networks or convolutional networks (Dong et al., 2014;

Wang et al., 2016b; Tang et al., 2016a; Ma et al., 2017; Chen et al., 2017a; Xue and Li, 2018; Li

et al., 2018; Xu et al., 2019). More recent work incorporates dependency parses to build graph-based

representations that capture the syntactic relationships between aspect terms and sentiment-bearing

words (Huang and Carley, 2019; Sun et al., 2019; Zhang et al., 2019a; Wang et al., 2020; Tang

et al., 2020). However, many of these models build graphs solely from the dependency structure

without differentiating among dependency types, and they often use only the final layer’s outputs for

prediction. As a result, some approaches may neglect important details in the linguistic signals or fail

to distinguish between informative and spurious connections. Experiment results have demonstrated

that models employing refined graph convolutional networks with attention mechanisms, which

incorporate both dependency structure and type information, achieve higher accuracy and more

robust sentiment predictions on various benchmark datasets.

In the area of multimodal sentiment analysis, techniques for integrating external knowledge

have taken a different form. Recent studies utilize pre-trained visual encoders and language models

such as ViLBERT (Lu et al., 2019), VisualBERT (Li et al., 2019), and BLIP2 (Li et al., 2023b) to

align image and text features. Most early approaches focus on the matching and fusion of features

using simple operations such as concatenation or basic attention mechanisms. However, tasks such

as hateful meme detection or multimodal sentiment analysis depend on understanding the contrast

between modalities rather than their shared content. In these cases, researchers adopt methods that

not only align features but also explicitly model the disparities between image and text. Some studies

rely on contrastive learning to separate and highlight distinctive features (Radford et al., 2021; Lee

et al., 2022; Wang et al., 2024a). More advanced techniques, such as cross-modal memory modules
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and reinforced contrast recognition, have been developed to dynamically extract and emphasize

the differences between modalities. These approaches provide additional signals that improve the

accuracy of downstream classification tasks. Empirical results across several benchmark datasets

show that models incorporating such dynamic contrast mechanisms achieve higher accuracy and

better area-under-curve metrics compared with systems that focus solely on feature alignment.

Recent advancements in LLMs have led to a transformation in how knowledge is integrated into

natural language processing systems. Earlier approaches for learning text representations were based

on statistical models and traditional deep learning methods, but the emergence of models such as

BERT (Devlin et al., 2019) and GPT (Brown et al., 2020) shifted the focus toward pre-trained language

models that are fine-tuned for various tasks. These models are trained on vast amounts of text data,

thereby acquiring latent representations that capture both syntax and semantics. Researchers have

extended these techniques to incorporate external knowledge by adjusting model architectures and

training procedures. For example, some methods incorporate additional modules, such as key-value

memory networks, to merge external domain-specific knowledge with the representations learned

during pre-training. Other studies propose RLHF (Ouyang et al., 2022) to adjust model outputs in

line with human preferences, thus refining the effective use of dynamic knowledge acquired during

training. Empirical findings indicate that these approaches yield models with improved generalization

and reasoning capabilities, which are especially important in specialized domains such as medicine

and finance.

Across various research domains, the integration techniques for external knowledge show com-

mon themes. One key idea is the transformation of external information into a format that is

compatible with neural network representations, such as converting syntactic trees or dependency

graphs into vectorized embeddings. Another recurring concept is the selective weighting of external

signals to reduce the influence of noisy or irrelevant information. Techniques that apply attention

mechanisms or reinforcement-based filtering strategies are frequently used to achieve this goal. In

tasks such as relation extraction and aspect-based sentiment analysis, models that dynamically weigh

the contribution of dependency relations or contrast information yield improved evaluation scores.

Additionally, the design of multi-layer aggregation methods, which combine outputs from different

stages of processing, contributes to a more robust representation that leverages both local and global

contextual cues.
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In summary, existing research on knowledge fusion in NLP spans a broad spectrum of ap-

proaches. From the extraction of statistical patterns in raw data to the utilization of automatically

generated syntactic structures and knowledge acquired through model training, each method offers

distinct advantages for different tasks. Empirical studies across Chinese word segmentation, parsing,

biomedical named entity recognition, relation extraction, ABSA, multimodal sentiment analysis,

and large language modeling consistently demonstrate that incorporating external information leads

to improved performance. These results emphasize the importance of designing models that are

capable of both integrating diverse knowledge sources and filtering out noise, thereby supporting the

development of more adaptive and effective NLP systems.
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Chapter 3

Nature Language Processing with

Different Types of Knowledge

In this chapter, we present an overview of the thesis, which includes the types of knowledge, the

tasks in which the knowledge is applied, the model architectures, and the ways in which we combine

them.

3.1 Knowledge Types

In general, knowledge is categorized into knowledge bases that are constructed using manual or

automatic approaches and knowledge that is dynamically obtained or learned by automatic approaches

in real-time. Because the latter is able to dynamically extract knowledge from input and present

superior flexibility, it attracts much attention and is widely used in many existing studies. However,

existing research does not effectively address how to utilize this type of knowledge, so our study

focuses on it. Among different types of knowledge, in this thesis, we mainly focus on three types

based on their form, namely, lexicon knowledge in the form of n-grams, syntax knowledge in the

form of parse trees, and pattern knowledge in the form of vectors1, which are summarized in Table

3.1. In this thesis, we mainly focus on the n-gram, parse tree, and vector knowledge, which are

illustrated as follows.

1The vectors here also include matrices. For simplicity, we use the term vectors to refer to both vectors and matrices.
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Type Form Descriptions Source

Lexicon N-grams Knowledge extracted from data Raw Data

Syntax Parse trees
Knowledge extracted from existing

toolkits that are trained on labeled data
Toolkits

Pattern Vectors
Knowledge obtained by learning from

one or more supervisions
Learning Process

Table 3.1: The three forms of knowledge studied in the thesis.

3.1.1 N-grams

In this thesis, n-grams are obtained directly from the data through unsupervised approaches2. N-

grams are the combination of multiple continuous tokens and generally reflect the latent features

within the data, such as how different words co-occur in a particular context. N-grams are widely

used in existing studies as contextual knowledge, as they contain large-grained contextual information

that is helpful for downstream tasks (Song et al., 2009b; Song and Xia, 2012; Ishiwatari et al., 2017;

Yoon et al., 2018; Zhang et al., 2019b; Tian et al., 2020b). Specifically, current text encoders treat

tokens as the basic units that carry a particular meaning during the encoding process. Because tokens

often generate new meanings when they are combined, the semantics of multiple tokens (i.e., an

n-gram) is not directly the sum of the meaning of its individual tokens. Therefore, these n-grams

provide unique information to assist the encoder in processing text. Therefore, in the thesis, we

choose n-grams extracted by unsupervised approaches to explore the way to use it in NLP tasks.

Knowledge Extraction

Although n-grams provide large-grained information, not all arbitrary combinations of tokens are

meaningful. Therefore, it is necessary to carefully choose n-grams that carry meaningful information.

In doing so, we adopt pointwise mutual information (PMI) (Sun et al., 1998) to extract n-grams.

2There are other approaches to obtain the n-grams, which are not covered by the thesis
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Specifically, PMI measures pointwise mutual information between two tokens, namely, x′ and x′′, via

PMI(x′, x′′) = log
p(x′x′′)

p(x′)p(x′′)
(3.1)

where p computes the probability of an n-gram (i.e., x′, x′′, and x′x′′) in a dataset. A high PMI score

indicates that the two adjacent tokens co-occur a lot in the dataset and are likely to form a meaningful

n-gram. For each pair of adjacent tokens xn−1, xn in a sentence X = x1x2 · · ·xn−1xn · · ·xN , we

compute the PMI score of the two tokens and use a threshold to determine whether a delimiter should

be inserted between them. PMI score lower than the threshold results in a segmentation, which

segments the sentence X into pieces of n-grams.3 Using PMI, one collects the resulting n-grams

from the segmented sentence and constructs an n-gram lexicon V , accordingly.

Knowledge Properties

N-gram knowledge has the following properties. First, in this thesis, the knowledge is obtained

through an unsupervised approach (i.e., PMI) that highlights the co-occurrence statistics of different

tokens within the data, without resorting to any manually annotated sources. This makes such

knowledge particularly focused on providing shallow contextual information. Second, the knowledge

extracted by this unsupervised approach is not entirely accurate and may contain noise and thus

needs to be carefully modeled when leveraging it for NLP tasks. Finally, this knowledge is employed

in various ways. For example, n-grams themselves are used as basic units to provide contextual

information. Moreover, because the n-gram extraction approach (i.e., PMI) is based on the co-

occurrence of tokens, there are relations between the tokens within the same n-grams and across

different n-grams in a sentence. That is, the tokens within an n-gram are more tightly connected,

whereas the relationships between distinct n-grams are relatively looser, which is similar to the

relations between morphemes within a word versus the syntactic relationships between words. These

properties provide the foundation for designing and selecting appropriate model architectures and

NLP tasks.

3For example, a sentence is segmented into X = x1/x2x3x4/x5 (“/” refers to a delimiter) if the PMI of x1, s2 and
x4, x5 are lower than the threshold and the PMI of x2, x3 and x3, x4 are greater than the threshold; we thus obtain three
n-grams, i.e., x1, x2x3x4, and x5 from this sentence.
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3.1.2 Parse Tree

Generally, parse trees are extracted using existing toolkits, such as parsers. Because these toolkits

are typically trained on manually annotated datasets or leverage knowledge bases constructed by

humans, the knowledge they extract indirectly incorporates human expertise. One representative

type of parse tree is the dependency tree, where each node in the tree represents a token, and every

token is connected to a unique head token with a directed dependency relation (such as a nominal

subject). The head token and the connected token are named the governor and the dependent,

respectively. In a dependency tree, there is exactly one unique dependency path (if the direction of

the connection is ignored) connecting any two tokens. The length of this path (i.e., the number of

edges it contains) naturally reflects the syntactic distance between these tokens. To characterize such

syntactic distances explicitly, the concept of order in dependency parsing is introduced. Specifically,

a first-order dependency considers only individual dependency relations between a governor and

its dependent. A second-order dependency further includes interactions between two adjacent

dependencies, such as sibling or grandparent relations. Extending this, a third-order dependency

captures even richer contexts by modeling interactions among three related dependencies. Such

higher-order dependency representations encode more comprehensive syntactic structures, effectively

leveraging long-distance4 contextual information beneficial to NLP tasks (Sun and Xu, 2011; Song

and Xia, 2012; Gong et al., 2012; Song et al., 2012b; Xu et al., 2015b; Chen et al., 2017a; Zhang

et al., 2019b; Tang et al., 2020). Given the potential of the dependency knowledge to be beneficial

for NLP tasks, we focus on it in this thesis.

Knowledge Extraction

In general, parsers are trained on human-annotated datasets, which grants them a certain level of

accuracy and enables them to capture the syntactic structure of sentences. We utilize off-the-shelf

toolkits to extract the dependency parse tree, which is represented by a list of dependency tuples

(xn′ , xn′′ , rn′,n′′) with rn′,n′′ denoting the dependency type between xn′ (the governor) and xn′′ (the

dependent). Since the dependency parse tree is a graph over the tokens, we use an adjacency matrix

A = {an′,n′′}N×N to present the graph by recording token relations in all tuples and a relation type

4“Long-distance” here refers to tokens that are far apart in the original text.
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matrix R = {rn′,n′′}N×N to represent the edges with their dependency types. Therefore, A is a 0-1

matrix where an′,n′′ = 1 if there is a dependency tuple (xn′ , xn′′ , rn′,n′′), and an′,n′′ = 0, otherwise.

For R, each element rn′,n′′ in it uses a mark to denote the dependency type between xn′ and xn′′ .

The tuples, adjacency matrix, and relation type matrix are used in our approach for enhancing NLP

tasks.

Knowledge Properties

The dependency parse tree obtained from existing parsers has some properties. First, the toolkits are

generally trained on human-labeled data (e.g., the dependency parsers are trained on human-annotated

treebanks), which transfers human knowledge in the labeled data into the toolkits. The knowledge

extracted from toolkits indirectly contains human knowledge, as the toolkits serve as automatic

human annotators in the knowledge extraction process. Therefore, compared with the knowledge

extracted from the raw data, the knowledge from toolkits provides deeper contextual information

and thus is expected to be helpful for tasks that require a deep understanding of the text. Second, the

knowledge from toolkits contains rich information. For example, dependency knowledge includes not

only the directed relationships between tokens but also the relation types, which require approaches

to selectively use the elements based on the task requirements to facilitate computation. Third, since

the toolkits have the risk of making mistakes, the knowledge from toolkits is not always correct and

thus needs to be leveraged carefully.

3.1.3 Vectors

With the advent of LLMs, vector-based knowledge representations have gained increasing recognition

as a crucial form of dynamic knowledge. Different from conventional explicit knowledge, such as

n-grams or parse trees, vector-based knowledge is implicitly encoded within the model parameters

themselves. The rationale behind treating vectors as knowledge representations stems from the fact

that the vast number of parameters in LLMs allows them to learn and store nuanced knowledge,

including common sense, world knowledge, and other forms of implicit reasoning, that are beyond

the reach of smaller models. If generalized further, the model’s parameters themselves are considered

a comprehensive knowledge representation since they encapsulate learned information acquired
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through extensive training on various datasets. This implicitly learned knowledge avoids reliance on

external extraction tools or algorithms, providing enhanced flexibility and adaptability. Consequently,

vector-based knowledge has garnered attention from recent studies (Ouyang et al., 2022; Liu et al.,

2021; Vu et al., 2021), demonstrating impressive performance across numerous tasks and domains.

In this thesis, we focus specifically on methodologies for effectively learning and leveraging this

internally encoded knowledge for NLP tasks.

Knowledge Learning

Different from the aforementioned two types of knowledge that are extracted from text using

unsupervised approaches or off-the-shelf toolkits, the knowledge from the learning process needs

to be learned with some supervision. In general, models are trained for one or multiple target tasks,

which allows the model to learn the information that is required to perform the tasks. Existing studies

have shown that adding additional optimization objectives is able to improve the model performance

on the target tasks (Chen et al., 2024) since the knowledge vectors and the model are able to learn

extra knowledge through backpropagation based on the supervision of these additional objectives.

Typically, there are two types of approaches to learn from the additional supervision. The first is to

perform multi-task learning, where the knowledge vectors and the model are updated simultaneously

based on the combination of the target objectives and the additional optimization objectives. The

second is to perform multi-stage learning, where the knowledge vectors and the model are trained on

a particular task or objective at a stage. Please note that it is possible to combine the two approaches,

where each training stage may contain multiple target tasks and additional supervision (overlapping is

allowed across stages). One representative example is the three-stage training of LLMs that includes

pre-training, supervised fine-tuning (SFT), and reinforcement learning from human feedback (RLHF),

where SFT is regarded as multi-task learning since the training data generally contain different types

of instructions and expected output. The knowledge vectors trained through the process store the

information in the data and use them to instruct the LLM for better performance on the tasks.
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Knowledge Properties

Knowledge from the learning process has some properties. First, it differs from the aforementioned

two in that it does not have an explicit form5; instead, it only has an implicit form, e.g., vectors,

which enables it to express more advanced, deep, and abstract knowledge, which is used to capture

complex patterns and relationships within the data (for example, the shared and diverse information

among various contents). Therefore, it is expected to be leveraged for tasks in complicated settings.

Second, the quality of the knowledge highly depends on the learning process, which emphasizes

a careful design of the learning algorithm. Third, for a particular input, not all knowledge vectors

are equally helpful for processing it for the task. Therefore, it is expected to design a mechanism to

dynamically distinguish the relevant vectors from the irrelevant ones and leverage them accordingly.

3.2 Nature Language Processing Tasks

In this thesis, we focus on eight tasks, namely, Chinese word segmentation (CWS), constituency

parsing, combinatory categorial grammar (CCG) supertagging, named entity recognition, relation

extraction, aspect-based sentiment analysis, multimodal sentiment analysis, and medical large

language modeling. These tasks progressively increase in complexity and difficulty, requiring varied

levels of contextual information and specialized knowledge.

3.2.1 Chinese Word Segmentation

Chinese word segmentation (CWS) aims to segment Chinese text into tokens, which is a fundamental

task at the lexical level. Different from most written languages in the world, the Chinese writing

system does not use explicit delimiters (e.g., white space) to separate tokens in written text. Therefore,

CWS conventionally serves as the first step in Chinese language processing, especially for many

downstream tasks such as text classification (Zeng et al., 2018), question answering (Liu et al., 2018),

machine translation (Yang et al., 2018), etc.

5For example, n-grams are represented by a string of one or multiple tokens; dependency tree is represented by a graph.
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3.2.2 Constituency Parsing

Constituency parsing aims to produce a structured syntactic parse tree for a given sentence, which

requires a deeper understanding of the text compared to CWS. It plays an important role in many

downstream tasks such as relation extraction (Jiang and Diesner, 2019), natural language inference

(Chen et al., 2017b), and machine translation (Ma et al., 2018a).

3.2.3 Combinatory Categorial Grammar (CCG) Supertagging

Combinatory categorial grammar (CCG) is a lexicalized grammatical formalism, where the lexical

categories (also known as supertags) of the tokens in a sentence provide informative syntactic and

semantic knowledge for text understanding. Therefore, CCG parse often provides useful information

for many downstream NLP tasks, such as logical reasoning (Yoshikawa et al., 2018) and semantic

parsing (Beschke, 2019). To perform CCG parsing in different languages, most studies conducted a

supertagging-parsing pipeline (Clark and Curran, 2007; Kummerfeld et al., 2010; Song et al., 2012a;

Lewis and Steedman, 2014b; Huang and Song, 2015; Xu et al., 2015a; Lewis et al., 2016; Vaswani

et al., 2016; Yoshikawa et al., 2017), in which their main focus is the first step, and they generated the

CCG parse trees directly from supertags with a few rules afterwards. Therefore, CCG supertagging

is of great importance and is selected as the task to be tested in this thesis.

3.2.4 Named Entity Recognition

Named entity recognition (NER) aims to extract the named entities (NEs) in sentences, which requires

a deep semantic understanding of the text. In this thesis, we focus on NER in the medical domain,

named biomedical NER (BioNER), which extracts NEs, such as diseases, genes, species, etc., in

biomedical texts and plays an important role in many downstream NLP tasks, such as drug-drug

interaction task (Segura Bedmar et al., 2013; Lim et al., 2018) and knowledge base completion (Xie

et al., 2013; Szklarczyk et al., 2016). Compared to the general domain NER, BioNER is considered

to be more difficult due to the lack of large-scale labeled training data and domain knowledge.
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3.2.5 Relation Extraction

Relation extraction (RE) aims to detect the relationship between NEs from raw text. It is one of the

most important tasks in information extraction and retrieval and plays a crucial role in supporting

many downstream NLP applications such as text mining (Distiawan et al., 2019), sentiment analysis

(Sun et al., 2019), question answering (Xu et al., 2016), and summarization (Wang and Cardie, 2012).

3.2.6 Aspect-based Sentiment Analysis (ABSA)

Aspect-based sentiment analysis (ABSA) processes fine-grained sentiment polarities toward specific

aspects. In many cases, it is required to identify different sentiments for multiple aspects in the same

context. For example, in the sentence “The drink menu is limited but the wines are excellent.”, the

sentiment polarity towards “drink menu” is negative while that towards “wines” is positive.

3.2.7 Multimodal Sentiment Analysis

The goal of multimodal sentiment analysis is to identify and interpret emotion-related information

across modalities from various sources of data (e.g., visual and textual content from news, social

media, business conversations, etc.). This task is essential for various real-world applications, ranging

from improving user experiences and moderating harmful or hateful content on social media to

developing empathetic human–computer interaction systems (Wang et al., 2023a; Zhong and Shao,

2024; Sun and Zhu, 2025).

3.2.8 Medical Large Language Modeling

Conventionally, language modeling is regarded as a fundamental NLP task that mainly focuses

on predicting tokens in a sentence with the given contexts (Brown et al., 1992; Mikolov et al.,

2013; Devlin et al., 2019; Brown et al., 2020). With the development of large language models

(LLMs), which emerge intelligence in completing complex tasks such as dialogue systems and

question answering (Touvron et al., 2023a; Taori et al., 2023a; OpenAI, 2023), there is an increasing

demand for extending the capabilities of LLMs to produce fluent and accurate texts following human

instructions. Therefore, large language modeling is more complicated than conventional language

modeling tasks and requires a deep understanding of the text. Particularly, in this thesis, we focus on
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large language modeling in the medical domain, which serves as an essential application of LLMs in

the medical domain (Venigalla et al., 2022; Han et al., 2023; Singhal et al., 2023). Medical LLM

plays an essential role in advancing healthcare services, a cornerstone of societal welfare that drives

social development and elevates public well-being.

3.3 Preliminary Approaches

To leverage the knowledge, one generally utilizes a backbone model (which is a PLM in the thesis)

and the knowledge encoding and integration module. In this section, we briefly introduce the standard

text modeling paradigm of the PLM and three existing architectures, namely, attention mechanism,

key-value memory networks (KVMN), and graph convolutional networks (GCN), that are able to be

used for modeling different types of knowledge.

3.3.1 Standard Text Modeling Paradigm

In general, there are three types of PLMs based on the architecture of the Transformer model they

use. The first is the encoder-based model that utilizes the Transformer encoder, such as BERT; the

second is the decoder-based model that uses the Transformer decoder, such as GPT; and the third

is the combination of encoder and decoder, such as BART. In this thesis, we mainly focus on the

encoder-based PLMs and the decoder-based PLMs since the former and the latter are widely used in

understanding and generation tasks, respectively.

For the encoder-based PLM (denoted as fencoder), given an input sentence X with N tokens (the

n-th token is denoted as xn), the PLM fencoder processes it and produce a list of hidden vectors

h1, · · · ,hn, · · · ,hN by

h1, · · · ,hn, · · · ,hN = fencoder(X ) (3.2)

where the n-th hidden vector hn corresponds to the representation of the n-th token xn. Then, the

hidden vectors are fed into a task-specific decoder fdecoder to produce the output. For sequence

labeling tasks, the decoder fdecoder predicts a list of label ŷ1 · · · ŷn · · · ŷN by

ŷ1 · · · ŷn · · · ŷN = fdecoder(h1, · · · ,hn, · · · ,hN ) (3.3)
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where the n-th prediced label ŷn is associated with the n-th input token (e.g., the corresponding POS

tags in POS tagging task). Some representative decoders for sequence-labeling tasks are softmax

decoders and conditional random field (CRF) (Tseng et al., 2005b). For text classification tasks, the

decoder fdecoder predicts a label ŷ (e.g., the sentiment of a particular sentence-aspect pair) by

ŷ = fdecoder(h1, · · · ,hn, · · · ,hN ) (3.4)

One representative decoder for text classification is the softmax decoder.

For the decoder-based PLMs gdecoder, they directly take the input text X and generate the content

Ŷ by

Ŷ = gdecoder(X ) (3.5)

Herein, the PLMs also take an optional prompt as the additional input, which is either hard-prompt P

in string or soft-prompt P in a matrix (or stacked vectors). In these cases, Equation (3.5) is rewritten

as

Ŷ = gdecoder(P,X ) (3.6)

or

Ŷ = gdecoder(P,X ) (3.7)

for hard- and soft-prompts, respectively.

In training, for both types of PLMs, the model predictions are compared with the human-annotated

labels to compute the cross-entropy loss. Then, the loss is used to compute the gradient with respect

to the trainable parameters in the model, which are updated accordingly through backpropagation.

3.3.2 Attenton Mechanism

Many existing studies find that various elements contribute differently to NLP tasks (Raffel and

Ellis, 2015; Vaswani et al., 2017). To address these differences, the attention mechanism is proposed

to allocate attention to different elements, where attention value determines the extent to which an

element contributes to the model’s final output. Over the past several years, the attention mechanism

has developed many variants (Veličković et al., 2017; Fu et al., 2019; Gheini et al., 2021). The

following illustrates the basic ideas of the attention mechanism. Assume there is a list of hidden
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vectors α1 · · ·αt · · ·αT to be weighted, the attention mechanism utilizes a vector ω to compute the

attention weight wt for the t-th hidden vector through

wt =
exp(ω · αt)∑T
t=1 exp(ω · αt)

(3.8)

The weight wt is then applied to the corresponding hidden vector to compute the weighted sum of

α1 · · ·αt · · ·αT by

α =
T∑
t=1

wt · αt (3.9)

where α is the output representation used for further processing. Therefore, attention is able to be

used to selectively leverage different knowledge with necessary adaptations.

3.3.3 Key-value Memory Networks

Originally, key-value memory networks (KVMN) (Miller et al., 2016b) is proposed to incorporate the

information in a list of memory slots (k1, v1), · · · , (km, vm), · · · (kM , vM ) (where km and vm refer

to the key and value for the m-th memory slot, respectively) into a model for question answering

tasks. In KVMN, it addresses the keys by assigning a probability weight to the value in each memory

slot by comparing the question (which is denoted as x) to each key:

pm = softmax(WQx ·WKkm) (3.10)

where WQ and WK are trainable question matrix and key matrix, respectively, and x and km are

the vector representation of x and km, respectively. Then, KVMN reads the values by computing the

weighted sum using the resulting probability weights:

o =

M∑
m=1

pm ·WV vm (3.11)

where WV is a trainable value matrix and vm is the vector representation of vm. Afterwards, o

is incorporated into the question representation by an element-wise addition: o′ = WQx+ o and

the resulting o′ is used to predict the answers of the question. Therefore, in KVMN, the keys are

used to compute the weights, which are used to address the values with respect to the input; the

values are used to incorporate useful information into the input presentation and thus improve model

performance. Considering that knowledge base entries have been used as a possible type of resource
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for the memory slots to incorporate extra knowledge into the input representation by transforms

between the keys and values (Miller et al., 2016b), we are able to use such transforms between

context features and syntactic information instances to incorporate the syntactic information into our

backbone model.

3.3.4 Graph Convolutional Networks

The standard graph convolutional network (GCN) model is generally used to encode graphs, such as

the dependency tree of the sentence. In this thesis, since the GCN model and its variants are used

to encode the dependency knowledge of the sentence, we illustrate how standard GCN is used for

encoding the knowledge in the following text. Specifically, the standard GCN contains L layers to

encode the word pairs suggested by the dependency parsing results of the input sentence X , where

the connections between all pairs of words xn′ and xn′′ are represented by an adjacency matrix

Ã = {ãn′,n′′}N×N . Herein, Ã is a variant of the adjacency matrix A introduced in Section 3.1.2,

where ãn′,n′′ = 1 if there is a dependency edge between xn′ and xn′′ or n′ = n′′ (the direction of the

edge is ignored), and xn′,n′′ = 0 otherwise. Based on the adjacency matrix Ã, for each xn′ , the l-th

GCN layer finds all xn′′ associated with xn′ (where an′,n′′ = 1), takes their hidden vectors h(l−1)
n′′

from the (l − 1)-th layer, and computes the output for xn′ by

h
(l)
n′ = σ(LN(

N∑
n′′=1

ãn′,n′′(W(l) · h(l−1)
n′′ + b(l)))) (3.12)

where W(l) and b(l) are trainable matrix and bias for the l-th GCN layer, LN refers to layer

normalization and σ the ReLU activation function. Therefore, the standard GCN is able to encode

the dependency graph of the sentence, where the contextual information carried by different tokens is

equally transferred to the connected tokens through the forward pass of GCN layers.

3.4 Combining Knowledge, Tasks, and Approaches

Based on our previous analysis of the properties of different knowledge types, we notice that different

types of knowledge provide varying levels of contextual information and expressive power. At

the same time, NLP tasks at different levels require varying degrees of knowledge expressiveness.

More superficial knowledge (such as n-grams) is suitable for relatively simple tasks, including
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CWS, constituency parsing, and CCG supertagging, while more advanced tasks require deeper and

richer knowledge for adequate support. For instance, NER, relation extraction, and ABSA typically

require structured, explicit, and relatively rich information provided by knowledge from toolkits. For

more complex tasks, including multimodal sentiment analysis and medical large language modeling,

explicit knowledge alone may be insufficient for achieving deeper understanding; thus, abstract and

implicit vectorized knowledge from the learning process is necessary.

Meanwhile, the choice of model architecture and approaches should also meet the requirements

of the tasks and the types of knowledge used. Specifically, for CWS, constituency parsing, CCG

supertagging, NER, relation extraction, and ABSA tasks that emphasize understanding, we choose

Transformer encoder-based PLM, namely, BERT, as the backbone model, as numerous studies have

demonstrated their strong performance in text understanding tasks (Devlin et al., 2019; Diao et al.,

2020; Dai et al., 2019; Joshi et al., 2020). For higher-level, generation- or reasoning-intensive tasks

(i.e., multimodal sentiment analysis and medical large language modeling), we use Transformer

decoder-based LLMs, e.g., LLaMA (Touvron et al., 2023a), as the backbone model, as they have

achieved widespread success in generation-oriented tasks (Ouyang et al., 2022; Zhang et al., 2022a;

Taori et al., 2023a; Chiang et al., 2023). Meanwhile, to effectively leverage different knowledge

types, we design new task-specific approaches based on the architectures introduced in Section 3.3 to

efficiently integrate and utilize knowledge.

The specific combinations of the aforementioned knowledge types, corresponding tasks, and

approaches are summarized in Table 3.2, where each of them is associated with a published paper.

These studies have been conducted collaboratively with my advisers and other co-authors, to whom I

extend my sincere gratitude for their valuable contributions. We elaborate on these contributions and

the detailed approaches in subsequent chapters.
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Knowledge Tasks Approaches Chapter Paper

Lexicon

(n-grams)

CWS KVMN 4.1 Tian et al. (2020e)

Constituency Parsing Attention 4.2 Tian et al. (2020d)

CCG supertagging Attention 4.3 Tian et al. (2020c)

Syntax

(Parse Tree)

NER KVMN 5.1 Tian et al. (2020a)

Relation Extraction GCN 5.2 Tian et al. (2021b)

ABSA GCN 5.3 Tian et al. (2021a)

Pattern

(Vectors)

Multimodal Sentiment Analysis Memory 6.1 Tian et al. (2024b)

Medical Large Language Modeling Language Modeling 6.2 Tian et al. (2024a)

Table 3.2: The combination of knowledge types, corresponding NLP tasks, utilized approaches, their

chapters in the thesis, and the associated paper.
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Chapter 4

Leveraging Lexicon Knowledge

In this chapter, we present our research on applying lexicon knowledge (i.e., n-grams) to CWS,

constituency parsing, and CCG supertagging, where the knowledge is expected to provide models

with additional contextual information that enhances their ability to handle token-level and structural

ambiguities.

4.1 Chinese Word Segmentation

Lexical-level tasks are performed at the token level. They focus on breaking down text into its

basic units (tokens) and performing operations such as normalization, stemming, lemmatization, and

morphological analysis. As a representative lexical-level task, CWS attracts much attention from

existing studies. Therefore, we utilize CWS as the lexical-level task to explore the effective approach

to leverage the knowledge obtained from data. The following are the details.

In the past two decades, mainstream approaches for CWS generally formulate it as a character-

based sequence labeling task (Tseng et al., 2005a; Sun and Xu, 2011; Chen et al., 2015; Ma et al.,

2018b; Higashiyama et al., 2019). Many existing approaches, including both conventional and neural

approaches, focus on effectively extracting contextual features to facilitate accurate segmentation

label predictions (Zhou et al., 2017; Zhang et al., 2013). Among these contextual features, wordhood

measures for n-grams have been demonstrated to be effective for CWS (Sun et al., 1998; Xue and

Shen, 2003; Feng et al., 2004; Song and Xia, 2012). Although some neural studies attempted to
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leverage contextual n-grams (Pei et al., 2014; Zhou et al., 2017) or word-level attention mechanisms

(Higashiyama et al., 2019), their approaches either rely on simple concatenation of embeddings

or require a predefined lexicon. Consequently, effective and flexible incorporation of explicit

wordhood information into neural CWS models remains inadequately explored, particularly regarding

generalizing the integration of various wordhood measures without dependency on handcrafted lexical

resources.

To leverage wordhodd n-gram information for CWS, we propose WMSeg, a neural framework

with a memory mechanism. Specifically, WMSeg employs key-value memory networks (Miller

et al., 2016a), mapping character n-grams and their corresponding wordhood measures into memory

keys and values. For each input character, WMSeg retrieves relevant contextual n-grams from

memory, enriching the representation and assisting the decoder in assigning accurate segmentation

labels. Extensive experiments on five benchmark datasets demonstrate the effectiveness of WMSeg

to leverage n-gram information for CWS.

4.1.1 The Approach

Following previous studies, we regard CWS as a character-based sequence labeling task. The

architecture of WMSeg is illustrated in Figure 4.1, where the general sequence labeling paradigm

is the top part with a memory module inserted between the encoder and the decoder. The model

predicts a tag (e.g., tag B for the 1st character in a word) for each character, and the predicted tag

sequence is then converted to word boundary in the system output. The bottom part of the figure

starts with a lexicon N , which is simply a list of n-grams and can be built by various approaches.

Given an input sentence X = x1 · · ·xn...xN , for each character xn in X , our approach uses the

lexicon V to generate (keys, values) for xn and send it to the memory module fM . In all, the process

of WMSeg fWMSeg to perform CWS can be formalized as

Ŷ = fWMSeg(X , fM (X ,V)) (4.1)

where Ŷ represent the label sequence for the input. In the rest of this section, we describe the

construction of the n-gram lexicon, the proposed wordhood memory networks, and how it is integrated

with different encoders and decoders, respectively.
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Figure 4.1: The architecture of WMSeg. “N ” denotes a lexicon constructed by wordhood measures.

N-grams (keys) appearing in the input sentence “部分居民生活水平” (some residents’ living

standard) and the wordhood information (values) of those n-grams are extracted from the lexicon.

Then, together with the output from the text encoder, n-grams (keys) and their wordhood information

(values) are fed into the memory module, whose output passes through a decoder to get final

predictions of segmentation labels for every character in the input sentence.

Lexicon Construction

To build the wordhood memory networks, the first step is to construct the lexicon V because the keys

in the memory module are built upon V , where each n-gram in V is stored as a key in it.1 In this study,

V is simply a list of n-grams, and technically, it can be constructed through many existing resources

or automatic methods. We utilize unsupervised approaches to construct the lexicon. Specifically, in

addition to the PMI approach illustrated in Section 3.1.1 to construct the lexicon V , we also utilize

accessor variety (AV) (Feng et al., 2004) to extract the n-grams. For AV, it measures the wordhood of

1N-gram and key are equivalent in the memory.
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an n-gram k by

AV (k) = min(Lav(k), Rav(k)) (4.2)

where Lav(k) and Rav(k) denote the number of different character types that can precede (left access

number) or follow (right access number) the n-gram k. Normally, the higher the AV score is, the

more likely the n-gram forms a word. We compute the AV scores of all n-grams in the raw data and

use a threshold to keep n-grams whose AV scores are higher than the threshold, which leads to the

lexicon V .

Wordhood Memory Networks

To encode both n-grams and the wordhood information they carry, one requires an appropriate

framework to do so for CWS. Compared with other network structures that can exploit n-grams

such as the attention mechanism, key-value memory networks are more appropriate to model such

pairwise knowledge via transforms between keys and values. In the memory, we map n-grams and

their wordhood information to keys and values, respectively. Following the KVMN in Section 3.3.3,

we illustrate how to adapt the memory module for CWS.

For each xn in a training/test instance, normally there are many n-grams in V that contain xn.

Therefore, the first step is to generate all n-grams from xn’s context (including xn) and keep only the

ones that appear in V , resulting Kn = [kn,1, kn,2 · · · , kn,m, · · · kn,Mn ] that xn is a part of kn,m. For

example, in the input sentence shown in Figure 4.4, the n-grams that contain the character x4 =“民”

(people) form the list K4 = [“民” (people), “居民” (resident), “民生” (livelihood), “居民生活”

(residents’ life)], which are highlighted in the dashed boxes illustrated at the bottom part of the figure.

Then, the memory module activates the corresponding keys in it, addresses their embeddings (which

are denoted as kn,m for each kn,m), and computes the probability distribution for them with

pn,m =
exp(hn · kn,m)∑Mn

m=1 exp(hn · kn,m)
(4.3)

for each key, where hn is the vector for xn which can be generated from any text encoder.

Values in the memory represent the wordhood information for a given xn and kn,m pair, which

is not a straightforward mapping because xn may have different roles in each kn,m. For example,

kn,m delivers different wordhood information when xn appears at the beginning or the ending of
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Rule vn,m

xn is the beginning of the key kn,m VB

xn is inside the key kn,m VI

xn is the ending of the key kn,m VE

xn is the single-character key kn,m VS

Table 4.1: The rules for assigning different values to xi according to its position in a key kn,m.

kn,m. Therefore, we set rules in Table 4.1 to read a value for a key according to different situations of

xn in kn,m, where we use a set of values {VB, VI , VE , VS} with embeddings {eVB
, eVI

, eVE
, eVS

}

(illustrated in different colors in Figure 4.4) so that all n-grams should map to one of the values

based on xn’s position in kn,m. To illustrate that, in the aforementioned example, n-grams in K4 for

x4 =“民” (people) are mapped to a value list V4 = [VS , VE , VB, VI ] (see Figure 4.4). As a result,

each Kn for xn has a list of values denoted by Vn = [vn,1, vn,2 · · · , vn,m. · · · vn,Mn ]. Then the total

wordhood memory for xn is computed from the weighted sum of all keys and values by

on =

Mn∑
m=1

pn,mvn,m (4.4)

where vn,m is the embedding for vn,m.

CWS with Wordhood Memories

We perform CWS following the standard encoding and decoding process with encoder-based PLM.

Specifically, we utilize Equation (3.2) in Section 3.3.1 to compute the h1, · · · ,hn, · · · ,hN for the

memory module. Once all on are generated from the memory for each xn, we merge it with the

corresponding hn by

o′n = Wo · (hn + on) (4.5)

where Wo is a trainable matrix and o′n is the resulting vector, which is fed into the decoder to obtain

the output sequence through Equation (3.3)2. Herein, we try two different types of decoders: one is

2The hn in Equation (3.3) is replaced by o′
n.
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MSR PKU AS CityU CTB6

Train Test Train Test Train Test Train Test Train Dev Test

Char # 4,050K 184K 1,826K 173K 8,368K 198K 2,403K 68K 1,056K 100K 134K

Word # 2,368K 107K 1,110K 104K 5,500K 123K 1,456K 41K 641K 60K 82K

Char Type # 5K 3K 5K 3K 6K 4K 5K 3K 4K 3K 3K

Word Type # 88K 13K 55K 13K 141K 19K 69K 9K 42K 10K 12K

OOV Rate - 2.7 - 5.8 - 4.3 - 7.2 - 5.4 5.6

Table 4.2: Statistics of the five benchmark datasets, in terms of the number of character and word

tokens and types in each training and test set. Out-of-vocabulary (OOV) rate is the percentage of

unseen word tokens in the test set.

the softmax decoder, and the other is the conditional random field (CRF) decoder.

4.1.2 Experiment Settings

Datasets

We employ five benchmark datasets in our experiments: four of them, namely, MSR, PKU, AS,

and CityU, are from SIGHAN 2005 Bakeoff Emerson (2005) and the fifth one is CTB6 (Xue et al.,

2005). AS and CityU are in traditional Chinese characters whereas the other three use simplified

ones. Following previous studies (Chen et al., 2015, 2017c; Qiu et al., 2019), we convert traditional

Chinese characters in AS and CityU into simplified ones.3 For MSR, AS, PKU, and CityU, we follow

their official training/test data split. For CTB6, we use the same split as that stated in Yang and Xue

(2012); Chen et al. (2015); Higashiyama et al. (2019), and only use its test set for the final experiment.

Table 4.2 shows the statistics of all datasets in terms of the number of characters and words and the

percentage of out-of-vocabulary (OOV) words in the dev/test sets with respect to the training set.

In addition, we also use CTB7 (LDC2010T07) to perform our cross-domain experiments. There

are five genres in CTB7, including broadcast conversation (BC), broadcast news (BN), magazine

(MZ), newswire (NW), and weblog (Web). The statistics of all the genres are reported in Table

3The conversion scripts are from https://github.com/skydark/nstools/tree/master/zhtools
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BC BN MZ NW Web

Char # 275K 483K 403K 443K 342K

Word # 184K 287K 258K 260K 210K

Char Type # 3K 3K 4K 3K 4K

Word Type # 12K 23K 26K 21K 21K

OOV Rate 3.4 6.0 8.9 5.9 7.1

Table 4.3: Statistics of CTB7 with respect to five different genres. The OOV rate for each genre is

computed based on the vocabulary from all the other four genres.

4.3, where the OOV rate for each genre is computed according to the union of all other genres. For

example, the OOV rate for BC is computed with respect to the union of BN, MZ, NW, and Web.

Implementation Details

Following previous studies (Sun and Xu, 2011; Chen et al., 2015, 2017c; Ma et al., 2018b; Qiu et al.,

2019), we use four segmentation labels in our experiments, i.e., T = {B, I,E, S}. Among them, B,

I , and E indicate a character is the beginning, inside, and the ending of a word and S denotes that

the character is a single-character word.

Since text representation plays an important role to facilitate many tasks (Conneau et al., 2017;

Song et al., 2017, 2018c; Sileo et al., 2019), we try two effective and well-known encoders, i.e.,

BERT4 and ZEN 5 (Diao et al., 2020). For the decoders, we use softmax and CRF, and set their loss

functions as cross-entropy and negative log-likelihood, respectively. The memory module can be

initialized by random or pre-trained word embeddings for keys and values. In our experiments, we

use random initialization for them.6

4We use the Chinese base model from https://s3.amazonaws.com/models.huggingface.co/.
5https://github.com/sinovation/ZEN.
6We tried different initialization methods, and they did not show a significant difference in CWS performance.
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Config MSR PKU AS CityU CTB6

En-Dn WM F ROOV F ROOV F ROOV F ROOV F ROOV

BT-SM
× 97.84 86.32 96.20 84.43 96.33 77.86 97.51 86.69 96.90 88.46
√

98.16 86.50 96.47 86.34 96.52 78.67 97.77 86.62 97.13 88.30

BT-CRF
× 97.98 85.52 96.32 85.04 96.34 77.75 97.63 86.66 96.98 87.43
√

98.28 86.67 96.51 86.76 96.58 78.48 97.80 87.57 97.16 88.00

ZEN-SM
× 98.35 85.78 96.27 84.50 96.38 77.62 97.78 90.69 97.08 86.20
√

98.36 85.30 96.49 84.95 96.55 78.02 97.86 90.89 97.22 86.83

ZEN-CRF
× 98.36 86.82 96.36 84.81 96.39 77.81 97.81 91.78 97.13 87.08
√

98.40 84.87 96.53 85.36 96.62 79.64 97.93 90.15 97.25 88.46

Table 4.4: Experimental results of WMSeg on SIGHAN2005 and CTB6 datasets with different

configurations. “En-Dn” stands for the text encoders (“BT” for BERT) and decoders (“SM” for

softmax and “CRF” for CRF). The “WM” column indicates whether the wordhood memories are

used (
√

) or not (×).

4.1.3 Results and Analysis

In this section, we firstly report the results of WMSeg with different configurations on five benchmark

datasets and its comparison with existing models. Then we explore the effect of using different

lexicon N and different wordhood measures in WMSeg. We also use a cross-domain experiment to

illustrate the effectiveness of WMSeg when more OOVs are in the test set. Lastly, a case study is

performed to visualize how the wordhood information used in WMSeg helps CWS.

Overall Results

In the main experiment, we illustrate the validity of the proposed memory module by comparing

WMSeg in different configurations, i.e., with and without the memory in integrating with two

encoders, i.e., BERT, and ZEN, and two decoders, i.e., softmax and CRF. The experimental results

on the aforementioned five benchmark datasets are shown in Table 4.4, where the overall F-score and

the recall of OOV are reported. With five datasets and six encoder-decoder configurations, the table



41

MSR PKU AS CityU CTB6

F ROOV F ROOV F ROOV F ROOV F ROOV

Zhang et al. (2013) 97.5 - 96.1 73.1 - - - - - -

Pei et al. (2014) 97.2 - 95.2 - - - - - - -

Ma and Hinrichs (2015) 96.6 87.2 95.1 76.0 - - - - - -

Chen et al. (2015) 97.4 - 96.5 - - - - - 96.0 -

Xu and Sun (2016) 96.3 - 96.1 - - - - - 95.8 -

Zhang et al. (2016) 97.7 - 95.7 - - - - - 95.95 -

Chen et al. (2017c) 96.04 71.60 94.32 72.64 94.75 75.34 95.55 81.40 - -

Wang and Xu (2017) 98.0 - 96.5 - - - - - - -

Zhou et al. (2017) 97.8 - 96.0 - - - - - 96.2 -

Ma et al. (2018b) 98.1 80.0 96.1 78.8 96.2 70.7 97.2 87.5 96.7 85.4

Gong et al. (2019) 97.78 64.20 96.15 69.88 95.22 77.33 96.22 73.58 - -

Higashiyama et al. (2019) 97.8 - - - - - - - 96.4 -

Qiu et al. (2019) 98.05 78.92 96.41 78.91 96.44 76.39 96.91 86.91 - -

WMSeg (BERT-CRF) 98.28 86.67 96.51 86.76 96.58 78.48 97.80 87.57 97.16 88.00

WMSeg (ZEN-CRF) 98.40 84.87 96.53 85.36 96.62 79.64 97.93 90.15 97.25 88.46

Table 4.5: Performance (F-score) comparison between WMSeg (BT-CRF and ZEN-CRF with

woodhood memory networks) and previous state-of-the-art models on the test set of five benchmark

datasets.

includes results from 30 pairs of experiments, each pair with or without using the memories.

There are several observations drawn from the results. First, the overall comparison clearly

indicates that, WMSeg (i.e., the model with wordhood memories) outperforms the baseline (i.e., the

model without wordhood memories) for all settings in terms of F-scores and for most settings in

terms of ROOV . Second, the proposed memory module works smoothly with different encoders and

decoders, where some improvement is pretty significant; for instance, when using Bi-LSTM as the

encoder and CRF as the decoder, WMSeg improves the F-score on the AS dataset from 94.39 to 95.07

and ROOV from 61.59 to 68.17. With BERT or ZEN as the encoder, even when the baseline system

performs very well, the improvement of WMSeg on F-scores is still decent. Third, among the models
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with ZEN, the ones with the memory module further improve their baselines, although the context

information carried by n-grams is already learned in pre-training ZEN. This indicates that wordhood

information provides additional cues (besides the contextual features) that can benefit CWS, and our

proposed memory module is able to provide further task-specific guidance to an n-gram integrated

encoder. To summarize, the results in this experiment not only confirm that wordhood information is

a simple yet effective source of knowledge to help CWS without requiring external support such as a

well-defined dictionary or manually crafted heuristics, but also fully illustrate that the design of our

model can effectively integrate this type of knowledge.

To further illustrate the validity and the effectiveness of WMSeg, we compare our best-performing

model with the ones in previous studies on the same benchmark datasets. The comparison is presented

in Table 4.5, where WMSeg (both the one with BERT and ZEN) outperforms all existing models

with respect to the F-scores and achieves new state-of-the-art performance on all datasets.

Cross-Domain Performance

As domain variance is always an important factor affecting the performance of NLP systems,

especially word segmenters (Song et al., 2012b; Song and Xia, 2013), in addition to the experiments

on benchmark datasets, we also run WMSeg on CTB7 across domains (genres in this case) with and

without the memory module. To test on each genre, we use the union of the data from the other four

genres to train our segmenter and use AV to extract n-grams from the entire raw text from CTB7

in this experiment. Table 4.6 reports the results in F-score and OOV recall, which show a similar

trend as that in Table 4.4, where WMSeg outperforms baselines for all five genres. Particularly,

for genres with large domain variance (e.g., the ones with high OOV rates such as MZ and Web),

CWS is difficult, and its relatively low F-scores in Table 4.6 from baseline models confirm that. Yet

WMSeg offers a decent way to improve cross-domain CWS performance without any help from

external knowledge or complicated model design, which further illustrates the effectiveness of the

memory module. The reason could be that many n-grams are shared in both training and test data;

these n-grams with their wordhood information present a strong indication to the model on what

combinations of characters can be treated as words, even though some of them never appear in the

training data.
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Config BC BN MZ NW Web

En-Dn WM F ROOV F ROOV F ROOV F ROOV F ROOV

BT-SM
× 96.27 80.76 96.88 87.90 94.97 84.45 97.08 89.78 94.82 74.00
√

96.41 81.15 97.00 89.47 95.10 85.48 97.24 91.96 95.00 75.51

BT-CRF
× 96.25 79.04 96.87 89.15 94.94 85.27 96.99 91.34 94.79 75.58
√

96.43 81.29 97.09 90.29 95.11 85.32 97.21 92.48 95.03 76.30

ZEN-SM
× 96.39 79.97 96.95 88.93 95.05 85.14 97.17 91.33 94.03 75.33
√

96.45 81.34 97.03 89.78 95.06 85.60 97.21 91.73 95.08 75.60

ZEN-CRF
× 96.30 80.05 96.97 90.38 94.93 85.64 97.10 91.03 94.90 74.98
√

96.50 80.44 97.11 90.29 95.13 85.96 97.24 91.68 95.04 75.74

Table 4.6: Experimental results on five genres of CTB7. Abbreviations follow the same notation in

Table 4.4.

Effect of Using Different N

To analyze the robustness of WMSeg with respect to the lexicon, we compare four ways (ID: 2-5 in

Table 4.7) of constructing the lexicon (N ): the first one simply uses the vocabulary from the training

data (marked as Gold Label in Table 4.7; ID: 2); the other three ways use AV to extract n-grams

from the unsegmented training data only (ID: 3), the test data only (ID: 4), and training + test set

(ID: 5), respectively.7 Table 4.7 shows the results of running BERT-CRF on the Web genre of CTB7

without the wordhood memories (ID: 1) and with the memories (ID: 2-5), following the cross-domain

setting in §4.1.3. While the four methods with memories achieve similar results on the F score,

indicating the robustness of our proposed framework, the one that builds N using the raw texts from

both training and test sets through unsupervised method (ID: 5) achieves the biggest improvement on

ROOV , demonstrating the advantage of including the unlabeled test set by incorporating the results

from unsupervised wordhood measures into the models.

7One could also use an external corpus to build N , which is not considered in this experiment.
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ID Train Test Gold Label F ROOV

1 - - - 94.79 75.58

2 × ×
√

+0.22 +0.21

3
√

× × +0.21 +0.20

4 ×
√

× +0.23 +0.33

5
√ √

× +0.24 +0.72

Table 4.7: Comparisons of performance gain on the Web genre of CTB7 with respect to the baseline

BERT-CRF model when the n-gram lexicon N for WMSeg is built upon different sources.
√

and ×

refer to whether a corresponding data source is used or not, respectively.

Effect of Different Wordhood Measures

WMSeg provides a general way of integrating wordhood information for CWS, we expect other

wordhood measures to play the same role in it. Therefore, we test PMI in our model and compare

it with the previous results from AV (see Table 4.4). Specifically, we use our best-performing

BERT-based model, i.e., BERT-CRF, with the n-gram lexicons constructed by the aforementioned

three measures and run it on all benchmark datasets. We draw the histograms of the F-scores obtained

from WMSeg with each measure (red and green bars for AV and PMI, respectively) in Figure 4.2,

where the F-scores of the baseline model are also presented in orange bars.

As shown in the figure, the performances of using the three measures are very similar, which indi-

cates that WMSeg is able to robustly incorporate the wordhood information from various measures,

despite that those measures focus on different aspects of n-grams when determining whether the

n-grams should be treated as words. This observation also reveals the possibility that many n-grams

may be redundant for our model, and WMSeg is thus able to identify the most useful ones from them,

which is analyzed in the case study.

Case Study

To investigate how the memory learns from the wordhood information carried by n-grams, we

conduct a case study with an example input sentence “他/从小/学/电脑/技术” (He learned computer
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Figure 4.2: The F-scores of WMSeg (BERT) using three different wordhood measures, namely AV

(red) and PMI (green), on five benchmark datasets.

techniques since childhood). In this sentence, the n-gram “从小学” is ambiguous with two possible

interpretations: “从小/学” (learn since childhood) and “从/小学” (from primary school). Native

Chinese speakers can easily choose the first one with the given context but a word segmenter might

incorrectly choose the second segmentation.

We feed this case into our BERT-CRF model with the memory module. In Figure 4.3, we

visualize the resulting weights that are learned from keys (a) and values (b) of the memory, as well as

from the final tagger (c). The heatmaps of all keys and values in the memory with respect to each

corresponding input character clearly illustrate that the appropriate n-grams, e.g., “他” (he), “学”

(learn), “从小” (from childhood), etc., receive higher weights than others and the corresponding

values for them are also emphasized, which further affects final CWS tagging so that the weight

distributions from (b) and (c) look alike to each other. Therefore, this visualization explains, to some

extent, that the proposed memory mechanism can identify and distinguish important n-grams within

a certain context and thus improve CWS performance accordingly.
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Figure 4.3: Heatmaps of weights learned for (a) keys and (b) values in the memory, and (c) the tags

from the decoder, with respect to each character in an input sentence. Higher weights are visualized

with darker colors.

4.2 Constituency Parsing

Recently, neural parsers without explicit grammar rules have significantly surpassed traditional statis-

tical grammar-based approaches, due to the powerful ability of neural networks, especially recurrent

models, to capture long-range contextual dependencies essential for parsing (Dyer et al., 2016; Stern

et al., 2017; Kitaev et al., 2019). Recently, advanced neural text encoders like Transformer and BERT

enable the high performance of chart-based parsers by providing richer contextual representations

(Kitaev and Klein, 2018; Zhou and Zhao, 2019). Beyond advanced encoders, additional sources

of contextual information, such as n-grams, demonstrate effectiveness in various NLP tasks (Song

et al., 2018a; Zhang et al., 2019b; Yoon et al., 2018). Although some studies try to incorporate

n-gram features (Sagae and Lavie, 2005; Pitler et al., 2010), they treat all n-grams equally without

distinguishing their relative importance, potentially introducing misleading signals.

We propose a span attention module to enhance chart-based neural constituency parsing by

effectively incorporating meaningful n-grams into span representations. Specifically, our approach

firstly extracts all n-grams from a given span that appear in an n-gram lexicon, then employs

an attention mechanism to weight these n-grams according to their relevance for predicting the

constituency label of that span. Considering shorter n-grams typically dominate attention weights

due to higher frequency, we further introduce a categorical mechanism that groups n-grams by

length and separately computes attention within each group, ensuring that longer, context-rich n-
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Figure 4.4: The architecture of the chart-based constituency parser with span attention, with an

example partial input sentence and its output. The right part of the figure shows the categorical span

attention, where extracted n-grams in span (n′, n′′) are categorized by their length so that n-grams in

different categories are weighted separately (different colors refer to different n-gram categories).

Note that for normal span attention, all n-grams are weighted together, where attention wn′,n′′ directly

corresponds to αn′,n′′,· in the figure.

grams are adequately utilized. Experiments on three benchmark datasets demonstrate state-of-the-art

performance, confirming our approach’s effectiveness.

4.2.1 The Approach

Our approach follows the chart-based paradigm for constituency parsing, where the parse tree Y of

an input sentence X = x1x2 · · ·xn′ · · ·xn′′ · · ·xN is represented as a set of labeled spans. A span

is denoted by a triplet (n′, n′′, y) with n′ and n′′ referring to the beginning and ending positions of

a span with a label y (e.g., NP, VP, PP, etc.). The architecture of our approach is shown in Figure

4.4. The left side is the backbone chart-based parser. It assigns real value scores s(n′, n′′, y) to the

labeled spans, then computes the score of a candidate tree by summing up the scores of all its spans,
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and finally chooses a valid tree Ŷ with the highest score s by

Ŷ = argmax
Y

∑
(n′,n′′,y)∈Y

s(n′, n′′, y), 0 < n′ < n′′ ≤ N (4.6)

In this section, we start with a brief introduction of neural chart-based parsing, then describe our

span attention, and end with an illustration of incorporating span attention into the parsing process.

Neural Chart-based Parsing

Recent neural chart-based parsers (Stern et al., 2017; Kitaev and Klein, 2018; Kitaev et al., 2019;

Zhou and Zhao, 2019) follow the encoder-decoder way, where the encoder receives X and generates a

sequence of context-sensitive hidden vectors (denoted as hn′ and hn′′ for xn′ and xn′′ , respectively),

which are used to compute the span representation rn′,n′′ for (n′, n′′) by subtraction: rn′,n′′ =

hn′′ − hn′ . This span representation assumes that, for a recurrent model, e.g., LSTM, its hidden

vector at each time step relies on the previous ones so that such subtraction could, to some extent,

capture the contextual information of all the words in that span.8

For decoders, most recent neural chart-based parsers follow the strategy proposed by Stern et al.

(2017), where all span representations rn′,n′′ are fed into a variant of Cocke–Younger–Kasami (CYK)

algorithm to generate a globally optimized tree for each sentence. Normally, rn′,n′′ is fed into

multi-layer perceptrons (MLP) to compute its scores s(n′, n′′, ·) over the label set. Afterwards, a

recursion function is applied to find the highest score s∗(n′, n′′) of span (n′, n′′), which is computed

by searching the best constituency label and the corresponding boundary n′′′ (n′ < n′′′ < n′′) by

s∗(n′, n′′) = max
y

s(n′, n′′, y)

+ max
n′<n′′′<n′′

[s∗(n′, n′′′) + s∗(n′′′, n′′)]
(4.7)

Note that in the special case where n′′ = n′ + 1, the best score only relies on the candidate label:

s∗(n′, n′′) = max
y

s(n′, n′′, y) (4.8)

Therefore, to parse the entire sentence, one computes s∗(1, N) through the above steps and uses a

back pointer to recover the full tree structure.

8Note that the focus of the section is to improve the widely used span representation (i.e., by hidden vector subtraction)
proposed by Stern et al. (2017) so as to make a fair comparison, although there are other possible approaches to
representing a span (e.g., max pooling).
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Span Attention

Although the encoding from subtraction of hidden states is demonstrated to be effective (Stern et al.,

2017; Kitaev and Klein, 2018; Kitaev et al., 2019), the subtraction might not represent all the crucial

information in the text span. Especially, for Transformer-based encoders, unlike recurrent models,

their hn′ and hn′′ have no strong dependency on each other so that subtraction may fail to fully

capture the contextual information in the span, especially when the span is long. Since n-grams are a

good source of the information in the text span, we propose span attention to incorporate weighted

n-gram information into span representations to help score the spans (n′, n′′, y).

In detail, for each span (n′, n′′) in X , we extract all n-grams in that span that appear in Lexicon V

to form a set Cn′,n′′ = {cn′,n′′,1, cn′,n′′,2, · · · cn′,n′′,t, · · · cn′,n′′,T }9 and use the set in span attention.

The attention of each n-gram cn′,n′′,t for (n′, n′′) is activated by

wn′,n′′,t =
exp(r⊤n′,n′′ · αn′,n′′,t)∑T
t=1 exp(r

⊤
n′,n′′ · αn′,n′′,t)

(4.9)

where αn′,n′′,t is the embedding of cn′,n′′,t whose dimension is identical to that of rn′,n′′ . The

resulting attention vector αn′,n′′ is thus computed by the weighted average of n-gram embeddings by

αn′,n′′ =
T∑
t=1

an′,n′′,tαn′,n′′,t (4.10)

and it is used to enhance the span representation.

In normal attention, all n-grams are weighted globally and short n-grams may dominate the

attention because they occur much more frequently than long ones and are intensively updated.

However, there are cases that long n-grams can play an important role in parsing when they carry

useful context and boundary information. Therefore, we extend the span attention with a category

mechanism (namely, categorical span attention) by grouping n-grams based on their lengths and

weighting them within each category.10 In doing so, all n-grams in V are categorized into U groups

according to their lengths, i.e., Cn′,n′′ = {Cn′,n′′,1, Cn′,n′′,2, · · · Cn′,n′′,u, · · · Cn′,n′′,U}, with u ∈ [1, U ]

denoting the n-gram length. Then, for each category with n-grams in length u, we follow the same

9Actually, the value of T is relevant to the span (n′, n′′). We use T here for better presentation.
10We use length as the categorization criterion for the following reasons. First, n-gram frequencies vary in different
datasets and it is hard to find an appropriate scheme to divide them; second, n-grams with the same length may have
similar ability to deliver contextual information, so they are suitable to be grouped by such ability.
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process in Eq. (4.9) and (4.10) to compute a
(u)
n′,n′′,t and a

(u)
n′,n′′ . The final attention is obtained from

the concatenation of all categorical attentions by

αn′,n′′ =
⊕

1≤u≤U

δuα
(u)
n′,n′′ (4.11)

with a positive trainable parameter δu to balance the contribution of attentions from different cate-

gories.

Parsing with Span Attention

The backbone parser follows Kitaev et al. (2019) to use BERT as the encoder, where rn′,n′′ =

hn′′ − hn′ is applied to represent the span (n′, n′′). Once αn′,n′′ is obtained from the span attention

for (n′, n′′), we incorporate it into the backbone parsing process by directly concatenating it with

rn′,n′′ : r′n′,n′′ = rn′,n′′ ⊕ αn′,n′′ . Then, we apply two fully connected layers with ReLU activation

function to r′n′,n′′ and compute the span scores s(n′, n′′, ·) over the label set, which can be formalized

by:

on′,n′′ = ReLU(LN(W1 · r′n′,n′′ + b1)) (4.12)

and

s(n′, n′′, ·) = W2 · on′,n′′ + b2 (4.13)

Herein, LN denotes the layer normalization operation; W1, W2 and b1, b2 are trainable parameters

in the fully connected layers. Afterwards, we use Eq. (4.7) and (4.8) to recursively find the highest

score sbest(1, N), and use a back pointer to recover the globally optimized parse tree.

4.2.2 Experiment Settings

Datasets

We test our approach on Arabic, Chinese and English benchmark datasets, namely part 1-3 of the

Arabic Penn Treebank 2.0 (ATB) (Maamouri et al., 2004), the Chinese Penn Treebank 5 (CTB5) (Xue

et al., 2005), and Penn Treebank 3 (PTB) (Marcus et al., 1993).11 For ATB, we follow Chiang et al.

11All the datasets are obtained from the official release of Linguistic Data Consortium. The catalog numbers for ATB
part 1-3 are LDC2003T06, LDC2004T02, LDC2005T20, for CTB5 is LDC2005T01, and for PTB is LDC99T42.
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Datasets Sent Token ASL

ATB

Train 16K 596K 31.4

Dev 2K 70K 30.5

Test 2K 70K 29.9

CTB5

Train 17K 478K 27.4

Dev 350 7K 19.5

Test 348 8K 23.0

PTB

Train 40K 950K 23.9

Dev 2K 40K 23.6

Test 2K 57K 23.5

Brown (Full) 24K 458K 19.0

Genia (Full) 17K 446K 26.2

Table 4.8: The statistics of all experimental datasets (with splits) in terms of sentence and token

numbers, and average sentence length (ASL).

(2006) and Green and Manning (2010) to use their split12 to get the training/dev/test sets and convert

the texts in the dataset from Buckwalter transliteration13 to modern standard Arabic. For CTB5

and PTB, we follow Shen et al. (2018) and Kamigaito et al. (2017) to split the datasets. Moreover,

we use the Brown Corpus (Marcus et al., 1993) and Genia (Tateisi et al., 2005) for cross-domain

experiments.14 For all datasets, we follow Suzuki et al. (2018) to clean up the raw data15 and report

the statistics of each resulted dataset in Table 4.8.

12Such split uses the “Johns Hopkins 2005 Workshop” standard, for which we follow the detailed split guideline offered
by https://nlp.stanford.edu/software/parser-arabic-data-splits.shtml.
13http://languagelog.ldc.upenn.edu/myl/ldc/morph/buckwalter.html

14The Brown Corpus is obtained together with PTB (LDC99T42), and the Genia corpus is obtained by its official PTB
format from https://nlp.stanford.edu/˜mcclosky/biomedical.html.
15We use the clean-up code from https://github.com/nikitakit/parser-data-gen.
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Data Models
- POS + POS

Parm P R F1 M Parm P R F1 M

ATB
BERT 188M 82.99 82.99 82.99 18.87 188M 82.96 83.17 83.07 19.09
+ SA 191M 83.36 83.05 83.21 19.13 191M 83.37 83.12 83.24 19.43
+ CatSA 192M 83.33 83.20 83.27 20.04 192M 83.41 83.20 83.30 19.65

CTB5

BERT 113M 93.95 93.35 93.65 47.71 113M 94.30 93.88 94.09 48.86
+ SA 116M 94.07 93.39 93.73 49.43 116M 94.80 93.73 94.26 49.14
+ CatSA 117M 94.02 93.65 93.83 50.00 117M 94.70 94.00 94.35 50.00

ZEN 235M 93.82 93.65 93.73 50.29 235M 94.37 93.69 94.03 48.87
+ SA 238M 94.08 93.53 93.80 51.14 238M 94.68 93.81 94.24 51.43
+ CatSA 239M 94.23 93.66 93.94 51.41 239M 94.69 93.91 94.30 52.00

PTB

BERT-LC 344M 95.71 95.53 95.62 54.06 344M 95.71 95.61 95.66 53.35
+ SA 349M 95.80 95.55 95.68 53.94 349M 95.71 95.70 95.70 54.29
+ CatSA 350M 96.02 95.51 95.77 54.64 350M 95.79 95.85 95.82 55.79

BERT-LU 345M 95.61 95.59 95.60 54.29 345M 95.59 95.76 95.67 54.24
+ SA 350M 95.61 95.71 95.66 54.24 350M 95.69 95.75 95.72 54.53
+ CatSA 351M 95.76 95.74 95.75 55.29 351M 95.77 95.84 95.80 54.71

XLNet-LC 371M 95.78 95.79 95.78 54.81 371M 95.97 95.60 95.79 54.70
+ SA 375M 95.83 95.95 95.89 54.94 375M 95.92 95.95 95.93 55.71
+ CatSA 376M 96.02 95.84 95.93 55.88 376M 95.97 96.02 95.99 56.06

Table 4.9: Experiment results in terms of precision (P), recall (R), F-score (F1) and complete match

score (M) of our models on the development set of ATB, CTB5 and PTB with different configurations,

i.e., with and without POS, span attention (SA), and categorical span attention (CatSA). PARM

reports the number of trainable parameters in each model.

Implementation Details

In our experiments, we use BERT (Devlin et al., 2019) as the basic encoder for all three languages

and use ZEN (Diao et al., 2020) and XLNet-large (Yang et al., 2019) for Chinese and English,

respectively.16 For BERT, ZEN, and XLNet, we use the default hyper-parameter settings. (e.g., 24

layers with 1024 dimensional hidden vector for the large models). In addition, following Kitaev

et al. (2019), Zhou and Zhao (2019) and Mrini et al. (2019), we add three additional token-level

self-attention layers to the top of BERT, ZEN, and XLNet.

For n-gram extraction, we employ the pointwise mutual information (PMI) to collect all n-grams

16We download BERT models for Arabic and English from https://github.com/google-research/bert,
and for Chinese from https://s3.amazonaws.com/models.huggingface.co/. We download ZEN and
XLNet at https://github.com/sinovation/ZEN amd https://github.com/zihangdai/xlnet.
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Models
ATB CTB5 PTB

P R F1 P R F1 P R F1

Green and Manning (2010) 78.92 77.72 78.32 - - - - - -
Kitaev and Klein (2018) - - - - - - 95.40 94.85 95.13
Kitaev et al. (2019) (BERT) - - - 91.96 91.55 91.75 95.73 95.46 95.59
Fried et al. (2019) (BERT) - - - - - 92.14 - - 95.71
Zhou and Zhao (2019) (BERT) - - - 92.03 92.33 92.18 95.70 95.98 95.84
Zhou and Zhao (2019) (XLNet) - - - - - - 96.21 96.46 96.33
*Mrini et al. (2019) (BERT/XLNet + POS) - - - 91.85 93.45 92.64 96.24 96.53 96.38

SCT (Manning et al., 2014a) 68.33 71.78 70.02 † † † 86.21 86.73 86.47
BNP (Kitaev and Klein, 2018) 72.84 76.59 74.67 91.83 91.53 91.68 95.46 94.89 95.17

BERT 83.06 82.87 82.96 92.16 91.98 92.07 95.91 95.17 95.54
+ SA 83.25 82.85 83.05 92.31 92.03 92.17 96.04 95.40 95.72
+ CatSA 83.40 83.11 83.26 92.25 92.14 92.20 96.11 95.58 95.85

ZEN/XLNet - - - 92.20 92.05 92.13 96.52 95.70 96.11
+ SA - - - 92.34 92.02 92.18 96.58 96.03 96.31
+ CatSA - - - 92.50 91.98 92.24 96.64 96.07 96.36

*BERT + POS 82.98 82.97 82.97 92.52 92.06 92.29 95.92 95.27 95.60
+ SA 83.36 82.80 83.08 92.61 92.20 92.40 95.96 95.51 95.73
+ CatSA 83.48 83.07 83.27 92.83 92.50 92.66 96.09 95.62 95.86

*ZEN/XLNet + POS - - - 92.37 92.16 92.26 96.42 95.86 96.14
+ SA - - - 92.40 92.32 92.36 96.56 96.10 96.33
+ CatSA - - - 92.61 92.42 92.52 96.61 96.19 96.40

Table 4.10: Comparing our best performing models with previous studies and prevailing toolkits (i.e.,

SCT and BNP). The results for SCT are not comparable to other systems including ours (as indicated

by †) because SCT is trained on a different dataset. Models marked by * use predicted POS tags as

additional input.

(n ≤ 5)17 appearing at least twice in the training and development sets combined. We randomly

initialize all n-gram embeddings used in our attention module18 with their dimension matching that

of the hidden vectors obtained from the encoder (e.g., 1024 for BERT-large). Besides, we run our

experiments with and without predicted part-of-speech (POS) tags. Following previous studies, for

the experiments without POS tags, we take sentences as the only input; for the experiments with POS

17We empirically set the max n-gram length to 5 as a unified threshold for all three languages.
18We also try initializing the n-grams with pre-trained embeddings (Pennington et al., 2014; Song et al., 2018c; Yamada
et al., 2020), where the results show small differences.
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tags, we obtain the POS tags from Stanford POS Tagger (Toutanova et al., 2003) and incorporate

the POS tags by directly concatenating their embeddings with the output of the BERT/ZEN/XLNet

encoder.

Following previous studies (Suzuki et al., 2018; Kitaev et al., 2019), we use hinge loss during the

training process and evaluate different models by by precision, recall, F1 score, and complete match

score via the standard evaluation toolkit Evalb19. During the training process, we try three learning

rates, i.e., 5e-5, 1e-5, 5e-6, with a fixed random seed, pick the model with the best F1 score on the

development set, and evaluate it on the test set.

4.2.3 Results and Analyses

Overall Performance

In the main experiment, we compare the proposed models with and without the span attention to

explore the effect of the span attention on chart-based constituency parsing. For models with the

span attention, we also run the settings with and without the categorical mechanism. The results

(i.e., precision, recall, F1 score, and complete match scores of all models, as well as their number of

trainable parameters) with different configurations (including whether to use the predicted POS tags)

on the development sets of ATB, CTB5, and PTB are reported in Table 4.9.

There are several observations. First, the span attention over n-grams shows its generalization

ability, where consistent improvements of F1 over the baseline models are observed on all languages

under different settings (i.e., with and without using predicted POS tags; using BERT or XLNet

encoders). Second, compared with span attention without the category mechanism, in which n-grams

are weighted together, models with categorical span attention perform better on both F1 and complete

match scores with a relatively small increase of parameter numbers (around 1M ). Particularly, for the

complete match scores, the span attention with normal attentions does not outperform the baseline

models in some cases, whereas the categorical span attention mechanism does in all cases. These

results could be explained by that frequent short n-grams dominate the general attentions so that

the long ones containing more contextual information fail to function well in filling the missing

information in the span representation, and thus harm the understanding of long spans, which results

19https://nlp.cs.nyu.edu/evalb/
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Models Brown Genia

BERT (Fried et al., 2019) 93.10 87.54

BERT 93.13 87.58

+ SA 93.24 87.50

+ CatSA 93.29 87.53

Table 4.11: Cross-domain experiment results (F1 scores) from previous studies and our models

(based on BERT-LC), on the entire Brown and Genia corpora when trained from the training set of

PTB.

in inferior results in complete match score. In contrast, the categorical span attention is able to weight

n-grams in different length separately, so that the attentions are not dominated by high-frequency

short n-grams and thus reasonable weights can be assigned to long n-grams. Therefore, our model

can learn from the important long n-grams and have a good performance on the long spans, which

results in consistent improvements over baseline models in complete match scores. Third, on CTB5,

models with ZEN encoder consistently outperform the ones with BERT without using POS tags,

while they fail to do so with the POS tags as the additional input, which suggests that the predicted

POS tags may have more conflict with ZEN compared with BERT.

Moreover, we run our models on the test set of each dataset and compare the results with

previous studies, as well as the ones from prevailing parsers, i.e., Stanford CoreNLP Toolkits (SCT)20

(Manning et al., 2014a) and Berkeley Neural Parser (BNP)21 (Kitaev and Klein, 2018). The results

are reported in Table 4.10, where the models using predicted POS tags are marked with “*”.22 Our

models with CatSA outperform previous best performing models from Zhou and Zhao (2019) and

Mrini et al. (2019) under different settings (i.e., whether to use the predicted POS tags), and achieve

state-of-the-art performance on all datasets. Compared with Zhou and Zhao (2019) and Mrini et al.

(2019) which improve constituency parsing by leveraging the dependency information when training

20We use the version of 3.9.2 obtained from https://stanfordnlp.github.io/CoreNLP/.
21We obtain their models from https://github.com/nikitakit/self-attentive-parser.
22For our models with BERT encoder, we only report the results of the ones using the cased version of BERT-large.
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their head phrase structure grammar (HPSG) parser, our approach enhances the task from another

direction by incorporating n-gram information through the span attentions as a way to address the

limitation of using hidden vector subtraction to represent spans.

Cross-domain Experiments

To further explore whether our approach can be generalized across domains, we follow the setting of

Fried et al. (2019) to conduct cross-domain experiments on the Brown and Genia corpus using the

models with SA and CatSA, as well as their corresponding baseline. Note that, for fair comparison,

we use BERT-large cased as the encoder without using the predicted POS tags. We follow Fried et al.

(2019) to train models on the training set of PTB and evaluate them on the entire Brown corpus and

the entire Genia corpus. To construct N in this experiment, we extract n-grams by PMI from the

training set of PTB. The results (F1 scores) are reported in Table 4.11. From the table, we find that

our model with categorical span attentions (+ CatSA) outperforms the BERT baseline (Fried et al.,

2019) on the Brown corpus while fails to do so on the Genia corpus. The explanation cloud be that

the distance between Genia (medical domain) and PTB (news wire domain) is much larger than that

between Brown and PTB, so that the n-gram overlap in two domains are limited and thus has little

influence to the target domain.

Effect of CatSA on Long Sentences

To explore the effect of our approach, we investigate our best performing models (where predicted

POS tags are used) with the span attention module and the corresponding baselines on different

length of sentences in the test sets. The curves of F1 scores with respect to the minimal test sentence

length (the horizontal axis) from different models on ATB, CTB5, and PTB are illustrated in Figure

4.5(a), 4.5(b), and 4.5(c), respectively.23

In general, long sentences are harder to parse and thus all models’ performance degrades when

sentence length increases. Yet, our models with CatSA outperform the baseline for all sentence

groups and the gap is bigger for long sentences, which indicates our approach can handle long

sentences better than the baselines. One possible explanation for this is that long sentences will

23Given the variance of average sentence length in different datasets (see Table 4.8), we set the minimal length from 5 to
50 on CTB5 and PTB, and 15 to 60 on ATB, with a step of 5.
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Figure 4.5: The F1 curves with respect to the minimal test sentence length (the horizontal axis) of

different models performed on ATB (a), CTB (b), and PTB (c).

have larger text spans and may require more long-distance contextual information. Our approach

incorporates n-gram information into the span representation and thus can appropriately leverages

the infrequent long n-grams by separately weighting them in different categories.

Analysis on Different N-gram Lengths

To test using n-grams in different length, we conduct an ablation study on the n-grams with respect

to their length. In doing so, we conduct experiments on the best performing models (where predicted

POS tags are used) with the span attention module, by restricting that n-grams whose length are larger

than a threshold is excluded from the lexicon N . We try the threshold from 1 to 5 and demonstrate the

curves (F-scores) on the test set of ATB, CTB5, and PTB in Figure 4.6(a), (b), and (c), respectively.

The results of their corresponding baselines are also represented in red curves for reference. It is

found from the curves that our models with span attentions consistently outperform the baseline

models, which indicates the robustness of our approach with respect to different n-grams used in the
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Figure 4.6: The F1 curves with respect to the max length (the horizontal axis) of n-grams used in

different models performed on ATB (a), CTB (b), and PTB (c).

model. In addition, for different languages, the n-gram threshold varies when the best performance is

obtained. For example, the best performing model on English is with three words as the maximum

length of n-grams, while that is five for Arabic and four for Chinese.

Moreover, to investigate how categorical span attention addresses the problem that high-frequency

short n-grams can dominate the general attention, we run the best-performing models with span

attention on the whole ATB, CTB5, and PTB datasets, obtain the total weight assigned to each n-gram

and compute the average weight for the n-grams in each n-gram length category. Figure 4.7 shows

the histograms of the average weights from models with SA and CatSA.

The histograms show that the models with SA (the orange bars) tend to assign short n-grams

relatively high weights, especially the uni-grams. This is not surprising because short n-grams occur

more frequently and are thus updated more times than long ones. In contrast, the models with CatSA

show a different weight distribution (the blue bars) among n-grams with different lengths, which

indicates that the CatSA module could balance the weight distribution and thus enable the model to

learn from infrequent long n-grams.
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Figure 4.7: The histograms of average weights assigned to n-gram categories in different lengths,

with weights from SA and CatSA show different patterns.

Case Study

To illustrate how our model improves baselines with the span attention, especially for long sentences,

we show the parse trees produced by the two models for an example sentence in Figure 4.8, where

the superscript for the internal node is the height of the subtree rooted at that node. In this case, our

model correctly attaches the “PP” (“with two ... utilities”) containing 24 words to the verb “compete”,

while the baseline attaches it to the noun “customers”. Since the distances between the boundary

positions of the wrongly predicted spans (highlighted in red) are relatively long, the baseline system,

which simply represents the span as subtraction of the hidden vectors at the boundary positions,

may fail to capture the important context information within the text span. In contrast, the span

representations used in our model are enhanced by weighted n-gram information and thus contain

more context information. Therefore, in deciding which component (i.e., “compete” or “customer”)

the with-PP should attach to, n-grams (e.g., the uni-gram “companies”) may provide useful cues,

since ”customers with companies” is less likely than “compete with companies”.
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Figure 4.8: An example sentence with its parsing results from the best-performing baseline and our

model. The correct and wrong parsing results are highlighted on the span labels by green and red,

respectively. The superscripts on the span labels illustrate their heights. “V” is a POS tag so there is

no height for it.

4.3 CCG Supertagging

Recent neural approaches for CCG supertagging typically formulate it as a sequence labeling task,

leveraging powerful encoders such as recurrent neural networks to capture contextual information

(Lewis et al., 2016; Vaswani et al., 2016; Clark et al., 2018). However, these approaches pay limited

attention to explicitly modeling additional contextual features, particularly strong lexical relationships

among words. Graph convolutional networks (GCN) is demonstrated as an effective architecture

for modeling token relationships in NLP tasks (Marcheggiani and Titov, 2017; De Cao et al., 2019;

Huang et al., 2019a); yet, directly applying conventional GCN to supertagging is challenging, as

they typically rely on dependency structures, whose quality and availability cannot be guaranteed.

Although frequent lexical chunks (n-grams) offer an alternative source of contextual information,

existing studies treat all token-token connections equally, potentially obscuring the importance of

meaningful interactions and limiting model effectiveness.

In this thesis, we propose an attentive GCN (A-GCN) specifically designed for CCG supertagging,

which incorporates meaningful lexical chunks extracted through unsupervised approaches. Specif-

ically, our approach constructs an input graph with two distinct edge types, representing relations
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Figure 4.9: The architecture of our CCG supertagger with A-GCN and an example input sentence

with its supertagging and parsing output. The supertagging process for “buy” is highlighted in

green. The adjacency matrix illustrates the edges of the graph that is built upon the chunks (n-grams)

extracted from the lexicon N , with the chunks illustrated in the red boxes.

within and across extracted chunks. We further equip the GCN with an attention mechanism to

dynamically weigh these edges, enabling discriminative modeling of relevant contextual information

without relying on external resources or dependency parsers. Experiment evaluations on the standard

CCGbank benchmark (Hockenmaier and Steedman, 2007) demonstrate the effectiveness of our

approach to leveraging the chunk information.

4.3.1 The Approach

We treat CCG supertagging as a sequence labeling task, where the input is a sentence with n words

X = x1x2 · · ·xn · · ·xN , and the output is a sequence of supertags Ŷ = ŷ1ŷ2 · · · ŷn · · · ŷN . Our

approach uses A-GCN to incorporate information of token pairs through a graph; the graph is built

based on n-grams in the input sentence that appear in a lexicon V . This lexicon consists of n-grams
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Figure 4.10: Examples of the two types of edges for building the graph in an input sentence, in

which chunks (n-grams) extracted from the lexicon V are highlighted in green; example in-chunk

and cross-chunk edges are marked in blue and red color, respectively.

automatically extracted from raw corpora by unsupervised approaches. The overall architecture of

our tagger is illustrated in Figure 4.9, with an input sentence and corresponding supertagging and

parsing output. The details of the main components of the architecture are provided below.

Graph Construction based on Chunks

Since CCG supertagging is also a parsing task, we do not want our approach to rely on the existence

of a dependency parser. Without such a parser, we need an alternative for finding good token pairs

to build the graph in A-GCN (which is equivalent to building the adjacency matrix A). Inspired by

the studies that leverage chunks (n-grams) as effective features to carry contextual information and

enhance model performance (Song et al., 2009b; Song and Xia, 2012; Ishiwatari et al., 2017; Yoon

et al., 2018; Zhang et al., 2019b; Tian et al., 2020b), we propose to construct the graph based on the

chunks (n-grams) extracted from an n-gram lexicon V constructed by PMI.

Then for graph building, given an input sentence X , we find all the n-grams in X that appear in

V . In our approach for CCG supertagging, a chunk is either a n-gram that does not overlap with other

n-grams or a text span that covers multiple overlapping n-grams. For example, in Figure 4.10, we

find four chunks (i.e., “all students”, “are required to”, “finish”, and “in two hours”) in the example

sentence according to the lexicon N (the chunks are highlighted in green). In these chunks, “all

students”, “finish”, and “in two hours” are non-overlapping n-grams included in the lexicon and “are

required to” is a text span that covers the overlapping n-grams “are required” and “required to”. In
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most cases, the adjacent words within the same chunk tend to have a strong word-word relation in

terms of co-occurrence, and thus we can build the graph and its adjacency matrix accordingly.

Based on the chunks, we construct the graph by two types of edges, i.e., the in-chunk and

cross-chunk ones: the first type is to model local word pairs, and the graph includes edges between

any two adjacent words within the same chunk. For example, as shown in Figure 4.10, the in-chunk

edges (blue lines) for the chunk “in two hours” are “(in, two)” and “(two hours)”. The second type is

to model cross chunk word pairs, which are built from any two adjacent chunks with the starting and

ending words in the two chunks connected. The motivation for using the starting and ending words is

that English phrases tend to be head-initial (e.g., verb phrase such as “buy some books”) or head-final

(e.g., adjective phrase such as “red apples”) in many cases. E.g., for the two chunks “all students”

and “are required to” in Figure 4.10, the corresponding cross-chunk edges (red lines) are “(all, are)”,

“(all, to)”, “(students, are)”, and “(students, to)”. The graph is equivalent to the adjacency matrix A,

where an′,n′′ = 1 if there is an edge between xn′ and xn′′ in the graph or n′ = n′′, and an′,n′′ = 0

otherwise.24

The Attentive GCN

When learning from a graph, conventional GCN models treat all word pairs from the graph equally,

and thus are unable to account for the possibility that the contribution of different xn′′ on xn′ may

vary. Particularly for our graph built from chunks, it is important to be able to distinguish different

word pairs because all the chunks and the graph are constructed automatically without a dependency

parser. Therefore, we apply an attention mechanism to the adjacency matrix and adapt Eq. (3.12)

used in the normal GCN for our A-GCN by replacing the an′,n′′ ∈ {0, 1} by a weight w(l)
n′,n′′ ∈ (0, 1).

For each xn′ and all its associated xn′′ , the weight w(l)
n′,n′′ for this word pair is computed by

w
(l)
n′,n′′ =

an′,n′′ · exp(h(l−1)
n′ ·W(l)

pos · h(l−1)
n′′ )∑N

n′′=1 an′,n′′ · exp(h(l−1)
n′ ·W(l)

pos · h(l−1)
n′′ )

(4.14)

where W
(l)
pos models the positional relation (i.e., left, right, or self ) between xi and xj and it has

three choices, i.e., W(l)
left, W

(l)
right, and W

(l)
self for different n′ and n′′,25 with each of them a trainable

24We do not distinguish the two types of edges in A.
25For example, W(l)

pos = W
(l)
left, if n′′ < n′.
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Train Dev Test

Section No. 2-21 0 23

Sentence # 39,604 1,913 2,407

Token # 929,552 45,422 55,371

Table 4.12: The train/dev/test splits of English CCGBank and the statistics of sentences and tokens in

them.

square matrix in the l-th layer of A-GCN.

Supertagging with A-GCN

To conduct supertagging with A-GCN, we firstly obtain the hidden vector h(0)
n′ for xn′ from BERT

(Devlin et al., 2019) to feed into the first GCN layer. Upon receiving the encoding results from

A-GCN, the following supertagging process is straightforward: each h
(L)
n′ is obtained from the last

A-GCN layer and aligned with the output by on′ = Wd · h
(L)
n′ , where Wd is a trainable matrix for

the alignment. Then, a softmax decoder is used to predict the supertag for each token.

4.3.2 Experiment Settings

Datasets

We run experiments on the English CCGbank (Hockenmaier and Steedman, 2007)26 and follow Clark

and Curran (2007) to split it into train/dev/test sets, whose statistics (sentence and word numbers) are

reported in Table 4.12.

Implementation Details

To construct n-gram lexicon N for building the edges in our graph, we perform PMI on the training

set of CCGbank to extract n-grams whose length is between [1, 5], with the threshold of the PMI

26The official dataset is obtained from https://catalog.ldc.upenn.edu/LDC2005T13.
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Hyper-parameters Values

Batch Size 16, 32

Drop-out Rate 0.2

Learning Rate 3e-5, 2e-5, 1e-5, 5e-6

Max Sentence Length 300

Random Seed 42

Training Epoch 50

Warm-up Rate 0.1, 0.2

Table 4.13: The list of hyper-parameters tested in our experiments. We run all models with the

combination of those hyper-parameters and use the one achieving the highest supertagging results in

our final experiments.

score set to 0. For the encoder, we try both cased and uncased BERT-Large (Devlin et al., 2019) with

their default settings27 and used two layers for A-GCN. To obtain CCG parse from the generated

supertags, we adopt the parsing algorithm used in EasyCCG (Lewis and Steedman, 2014a). We

follow previous studies (Lewis and Steedman, 2014a; Lewis et al., 2016; Yoshikawa et al., 2017)

to use the most frequent 425 supertags as the tag set and evaluate our model on both the tagging

accuracy and the labeled F-scores (LF) of the dependencies converted from CCG parse28.

For other hyper-parameter settings, we test their values as shown in Table 4.13 when training

our models. We try all combinations of them for each model and use the one achieving the highest

supertagging results in our final experiments. Note that, with the best hyper-parameters, the best

performance is achieved with a warm-up rate of 0.1, batch size of 16, and learning rate of 1e-5.
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Models PARM TAG LF

BERT-Cased 335M 96.04 90.31

+ A-GCN (Full) 343M 95.93 90.13

+ A-GCN (Chunk) 343M 96.11 90.49

BERT-Uncased 337M 96.06 90.37

+ A-GCN (Full) 345M 95.99 90.21

+ A-GCN (Chunk) 345M 96.17 90.60

Table 4.14: Results (supertagging accuracy and labeled F -scores) of different models with BERT-

Large encoder on the development set of CCGbank. “PARM” is the number of trainable parameters

in the models; “Full” uses the fully connected graph and “Chunk” uses the graph built based on

chunks.

4.3.3 Results and Analysis

Overall Results

To explore the effectiveness of our approach, we run CCG taggers with and without A-GCN, and

try two ways to construct the graph: one is a fully connected GCN where edges are built between

every two words; the other is our proposed approach with the chunk-based graph. Experimental

results on supertagging accuracy (Tag) and labeled F-scores (LF) for parsing on the development set

of CCGbank are reported in Table 4.14, with the number of trainable parameters of all models also

presented.

The experiments show that, for both cased and uncased BERT encoders, the proposed chunk

A-GCN works the best in terms of both supertagging accuracy and parsing results. In contrast, Full

A-GCN has inferior performance to the BERT baselines. This contrast shows the importance of

appropriate construction of the graphs fed into A-GCN, since the fully connected graph with all words

associated with one another may introduce noise word relations and thus yield bad performance.

27We download the pre-trained BERT models from https://github.com/google-research/bert.
28We use the “generate” script from C&C parser (Clark and Curran, 2007) to convert CCG parse results to their
corresponding dependencies.
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Models TAG LF

Lewis and Steedman (2014b) 91.3 86.11

Xu et al. (2015a) 93.00 87.07

Lewis et al. (2016) 94.7 88.1

Vaswani et al. (2016) 94.24 88.32

Yoshikawa et al. (2017) - 90.4

Clark et al. (2018) 96.1 -

Stanojević and Steedman (2019) 95.4 90.5

EasyCCG† - 86.14

BERT† 96.06 90.34

BERT + A-GCN (Full)† 95.91 90.20

BERT + A-GCN (Chunk)† 96.25 90.58

Table 4.15: Comparison of our models with uncased BERT encoder and previous studies on the test

set of CCGbank. Models with “†” use the EasyCCG parser to generate CCG parse trees from the

predicted supertags.

Furthermore, we run our models with uncased BERT encoder on the test set and compare the

performance with previous studies on both supertagging and parsing. Table 4.15 shows the results,

where the studies marked by † use the same parser (i.e., the EasyCCG parser) to generate CCG

trees from supertags. Among the previous studies, Stanojević and Steedman (2019) performed CCG

parsing directly without the suppertagging step, whereas the rest all did supertagging first. Regardless

of this difference, our approach performs the best on CCGbank in both supertagging accuracy and

parsing LF.

Ablation Study

We conduct an ablation study to explore the effect of the two types of edges and the attention

mechanism on our best model. The supertagging and parsing results of models with different

configurations are reported in Table 4.16, where the results are categorized into four groups. The first

group (ID 1) is the results of the best performing model where all settings are activated; the second
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(ID 2-3) is the ablation of either in-chunk or cross-chunk edges with attention; the third (ID 4-6) is

the result of using normal GCN without the attention mechanism; and the last group (ID 7) is the

baseline model where none of the three settings is activated.

The results show that the model performance drops when either part is ablated (ID 1 vs. ID

2-6). Specifically, removing attention significantly hurts the performance, where all configurations

without attention (ID 4-6) shows worse-than-baseline (ID 7) results; this observation confirms the

importance of applying attention on GCN. One possible explanation to this phenomenon could be

that considerable noises are introduced to the graph because the edges in our graph are derived

from chunks and they do not follow syntax in most cases; thus, it is crucial to assign weights to

the edges and not treat them with equally. Interestingly, comparing the two types of edges, models

with cross-chunk edges yield much higher results than the ones with in-chunk edges only when the

attention is not used (ID 5 vs. ID 6), while it is slightly better when attention is applied (ID 2 vs. ID

3). This comparison suggests that in-chunk edges could introduce more noise than cross-chunk edges.

So that when the attention is not used (ID 6), the model fails to weight the edges and results in a

significant drop on its performance; On the contrary, when the attention is applied (ID 3), our model

is able to even the performance of models with in-chunk and cross-chunk edges, which confirms that

weighting is essential in selecting useful information for CCG supertagging.

4.4 Summary

In this chapter, we leverage knowledge from raw data to three tasks, namely, CWS, constituency

parsing, and CCG supertagging, at the lexical and syntactic levels. We propose different approaches,

namely, wordhood memory networks, span attentions, and A-GCN for leveraging the knowledge

with PLM. The results demonstrate that the knowledge from the raw data is able to enhance shallow

tasks, where improvements are observed over the baselines without using the knowledge. Meanwhile,

it is essential to distinguish the knowledge instances that provide hints for the task from the ones that

contribute less to the task so as to alleviate the influence of noise on the model performance.
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ID
Settings

Tag LF
In-chunk Cross-chunk Attention

1
√ √ √

96.25 90.58

2 ×
√ √

96.18 90.49

3
√

×
√

96.11 90.41

4
√ √

× 87.26 81.96

5 ×
√

× 94.92 89.75

6
√

× × 89.67 84.39

7 × × × 96.06 90.34

Table 4.16: Experimental results of models with uncased BERT-Large encoder on the test set of

CCGbank, where the in-chunk, cross-chunk edges or the attention mechanism in our A-GCN module

is ablated.
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Chapter 5

Incorporating Syntax Knowledge

In this chapter, we present our research on incorporating syntax knowledge (i.e., the dependency

parse tree) obtained from off-the-shelf toolkits into NER, relation extraction, and ABSA. By leverag-

ing this structured linguistic knowledge, we aim to enhance the models’ abilities to capture semantic

relations and contextual information, thereby improving their overall performance on these deeper

linguistic tasks.

5.1 Named Entity Recognition

Over the past decades, the approach for biomedical named entity recognition (BioNER) transits from

the conventional feature-based approaches (Song et al., 2005; Leaman et al., 2015; Leaman and Lu,

2016) to neural approaches leveraging powerful encoders such as BiLSTM (Habibi et al., 2017; Dang

et al., 2018). Recently, PLMs (such as BERT) further improve the performance of NLP models for

many tasks in the general domain (Peters et al., 2018; Devlin et al., 2019); however, their effectiveness

in biomedical domains remains limited without integrating domain-specific knowledge. To overcome

this, BioBERT (Lee et al., 2019), which is trained specifically on biomedical corpora, achieves state-

of-the-art results for BioNER. However, BioBERT does not explicitly incorporate syntactic structures,

which have demonstrated benefits in previous studies for improving BioNER (Liao and Wu, 2012;

Chang et al., 2015; Luo et al., 2018). Biomedical sentences frequently present formal and complex

structures, making syntactic cues potentially valuable for recognizing named entities. Previous



71

studies to leverage syntactic information typically concatenate syntactic embeddings directly with

word embeddings (Luo et al., 2018; Dang et al., 2018), without paying much attention to the variable

importance of such information across different contexts and potentially introducing noise due to

the parsing errors. Therefore, an approach that effectively selects and weighs syntactic information,

minimizing the negative impact of noisy parsing results, remains underexplored.

In this thesis, we propose BioKMNER, a novel approach leveraging key-value memory networks

(KVMN) to selectively integrate syntactic information for improved BioNER. Specifically, BioKM-

NER extracts dependency relations from off-the-shelf parsers. It then uses KVMN to dynamically

weigh syntactic information instances based on context similarity, effectively filtering noisy parsing

outputs. These weighted syntactic features are concatenated with encoder outputs, enhancing the

representation used by the sequence labeling decoder. Experiments on six benchmark BioNER

datasets demonstrate that BioKMNER consistently outperforms strong baselines on the datasets,

confirming its effectiveness in selectively incorporating syntactic information.

5.1.1 The Approach

The overall architecture of our approach, namely, BioKMNER is shown in Figure 5.1. Fol-

lowing the common approaches in BioNER, we treat it as a sequence labeling task, where the

input token sequence X = {x1, x2, · · · , xn, · · ·xN} is tagged with a sequence of NE labels

Ŷ = {ŷ1, ŷ2, · · · , ŷn, · · · ŷN}. In our approach, we leverage KVMN to incorporate syntactic infor-

mation. Specifically, context features and their carrying syntactic information instances are mapped

to keys and values in KVMN, where the values are weighted according to the comparison between

the keys and the input words. In this section, we firstly introduce the syntactic information extraction

process, then elaborate the KVMN module used to incorporate the syntactic information, and finally

explain the tagging process with the KVMN module.

Syntactic Information Extraction

In our study, we focused on dependency relations as they are demonstrated to be effective for

providing structure information of the running text. To obtain such information, we first run an

off-the-shelf NLP toolkit on the input sentence X . Then for each token xn in X , we extract the
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Figure 5.1: The overall architecture of BioKMNER. The top part of the figure shows the syntactic

information extraction process: for the input word sequence, we firstly use off-the-shelf NLP toolkits

to obtain its syntactic information (e.g., syntax tree), then map the context features and the syntactic

information into keys and values, and finally convert them into embeddings. The bottom part is our

sequence labeling based BioNER tagger, which uses BioBERT as the encoder and a softmax layer as

the decoder. Between the encoder and decoder are the key-value memory networks (KVMN) which

weighs syntactic information (values) according to the importance of the context features (keys). The

output of KVMN is fed into the decoder to predict output labels.

context features associated with xn and their corresponding syntactic knowledge instances. Figure

5.2 shows the dependency features and their corresponding syntactic knowledge instances1 for the

sentence “Dihydropyrimidine dehydrogenase deficiency is an autosomal recessive disease”.2 This

figure focuses on the word “deficiency” (in boldface) with its highlighted context features and their

corresponding syntactic information.

1We combine the word and its syntactic information to increase the diversity of the syntactic information instance.
2The parse tree is obtained from running the online demo of Stanford CoreNLP Toolkits (Manning et al., 2014a) at
https://corenlp.run/.
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Figure 5.2: Three types of syntactic information extracted for an example “Dihydropyrimidine

dehydrogenase deficiency is an autosomal recessive disease” in the biomedical domain. The context

features and their corresponding POS labels, syntactic constituents, and dependency relations for

x5=“deficiency” are highlighted in part (a), (b), and (c) respectively.

Specifically, we first collect the dependency knowledge through the approach in Section 3.1.2.

Then, for each token, we regard its dependents, its governor, and the token itself, as the context fea-

tures and regard the combination of these tokens and their dependency types as the syntactic instances.

In figure 5.2, for the given word “deficiency”, it has two dependents (i.e., “dihydropyrimidine” and

“dehydrogenase”) and one governor (i.e., “disease”, which is the root of the sentence). According to

these dependency relations, the context features of “deficiency” are [deficiency, dihydropyrimidine,

dehydrogenase,a, metabolic] and the syntactic information instances are [deficiency nsubj, dihy-

dropyrimidine compound, dehydrogenase compound, disease ROOT].

Through the process, we build the context feature list K and the syntactic instance list V upon

the extraction results. For each token xn in the word sequence X , in both training and predicting

process, associated context features and syntactic information instances in K and V are activated

and computed. We denote the context features and the syntactic information instances for xn

as Kn = [kn,1, · · · , kn,m, · · · kn,M ]3 and Vn = [vn,1, · · · , vn,m. · · · vn,M ], respectively. In the

following sections, we illustrate our method to leverage the keys and values through KVMN.

The Memory Module

In our approach to bioNER, we adapt the KVMN to a sequence labeling paradigm by applying it to

each word xn in the input. Therefore, for xn, its hidden vector hn obtained from an encoder serves

3Herein, the value of M is relevant to n. We use M for better presentation.
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as the counterpart of input representation x in Equation (3.10); its associated context features and the

corresponding syntactic information instances stand for the keys km and values vm, respectively. In

details, the memory module takes hn for each xn, activates the keys to address their embeddings and

computes the probability weights for them by

pn,m =
exp(hn · kn,m)∑M

m=1 exp(hn · kn,m)
(5.1)

where kn,m is the embedding vector of kn.m. Afterwards, we use the resulting probabilities on

syntactic information instances in Vn to get the weighted value embedding on:

on =

M∑
m=1

pn,mvn,m (5.2)

where vn,m is the embedding vector of the value vn,m.

Tagging with KVMN

To facilitate the process of leveraging syntactic information through KVMN, we firstly use an encoder

to obtain the hidden vector hn for each xn and feed the hidden vectors for all tokens to the KVMN

module. Once on is obtained for each xn from the KVMN module, we concatenate4 it with hn and

apply a trainable matrix W to the resulting vector to align its dimension to the output space, which is

formalized by

un = W · (hn ⊕ on) (5.3)

where the softmax decoder is applied to the resulting un to predict the BioNER label for xn.

5.1.2 Experiment Settings

Datasets

We evaluate our methods on six English benchmark datasets that are widely used in previous studies

(Leaman and Lu, 2016; Habibi et al., 2017; Giorgi and Bader, 2018; Yoon et al., 2019; Lee et al.,

2019). These datasets focus on four different biomedical entity types: BC2GM dataset (Smith et al.,

2008) and JNLPBA dataset (Kim et al., 2004) for gene/protein NER, BC5CDR-chemical dataset

4We use concatenation instead of element-wise summation in KVMN, which does not change the nature of using
KVMN.
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Entity Type Datasets Token # Sent. # Entity #

Gene/protein BC2GM Train 355.4k 12.5k 15.1k

Dev 71.0k 2.5k 3.0k

Test 143.4k 5.0k 6.3k

JNLPBA Train 443.6k 14.6k 32.1k

Dev 117.2k 3.8k 8.5k

Test 114.7k 3.8k 6.2k

Chemical BC5CDR-chemical Train 118.1K 4.5K 5.2K

Dev 117.4K 4.5K 5.3K

Test 124.7K 4.7K 5.3K

Disease NCBI-disease Train 135.7K 5.4K 5.1K

Dev 23.9K 923 787

Test 24.4K 940 960

Species LINNAEUS Train 281.2k 11.9k 2.1k

Dev 93.8k 4.0k 711

Test 165k 7.1k 1.4k

Species-800 Train 147.2K 5.7K 2.5K

Dev 22.2K 830 384

Test 42.2K 1.6K 767

Table 5.1: The statistics of the four benchmark datasets. “Token #”, “Sent. #” and “Entity #” represent

the number of tokens, sentences, and entities.

(Wei et al., 2015) for chemical NER, NCBI-disease dataset (Doğan et al., 2014) for disease NER, and

LINNAEUS dataset (Gerner et al., 2010) and Species-800 dataset (Pafilis et al., 2013) for species

NER.
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BC2GM is a dataset used for the BioCreative II gene mention tagging task5. It contains 20,000

sentences from abstracts of biomedical publications and is annotated with 24,583 mentions of the

names of genes, proteins and related entities. It has become the major benchmark for the NER of

gene/proteins entity type (Habibi et al., 2017; Wang et al., 2018; Sachan et al., 2018; Giorgi and

Bader, 2018; Yoon et al., 2019; Lee et al., 2019).

JNPBA is the dataset for the Joint Workshop on NLP in Biomedicine and its Application Shared

task6. It was organized by the GENIA Project based on the annotations of the GENIA Term corpus

and consists of 2,404 publication abstracts. It is widely used for evaluating multi-class biomedical

entity taggers.

BC5CDR is a dataset used for the BioCreative V Chemical Disease Relation (CDR) Task7. It

contains 1,500 titles and abstracts from PubMed8, where chemical and disease mentions are annotated

by human annotators. Following previous studies (Luo et al., 2018), we only use the subset with

chemical entities and denote it as BC5CDR-chemical.

NCBI-disease contains 793 PubMed abstracts that are annotated with disease mentions and their

corresponding concepts. There are 6,892 disease mentions from 790 unique disease concepts in this

dataset and 91% of the mentions are mapped to a single disease concept. It has been a widely used

research resource for the disease NER.

The LINNAEUS dataset was created specifically for species named entity recognition and consists

of 100 full-text documents. In the LINNAEUS dataset, all mentions of species terms were manually

annotated and normalized to the NCBI taxonomy IDs of the intended species.

Species-800 is a novel benchmark corpus for species entities, which is based on manually

annotated abstracts. It comprises 800 PubMed abstracts that contain identified organism mentions.

Because the abstracts are select from journals on 8 different categories, the diversity of Species-800

is high and thus it is more challenging for NER systems.

We follow the study of Lee et al. (2019) to pre-process all datasets. In details, BC2GM, BC5CDR-

5https://biocreative.bioinformatics.udel.edu/tasks/biocreative-ii/
task-1a-gene-mention-tagging/

6http://www.geniaproject.org/shared-tasks/bionlp-jnlpba-shared-task-2004

7https://biocreative.bioinformatics.udel.edu/tasks/biocreative-v/track-3-cdr/

8https://pubmed.ncbi.nlm.nih.gov/
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chemcial, LINNAUES, and NCBI-disease datasets are pre-processed based on the schema of Wang

et al. (2018); JNPBA is pre-processed by CoNLL format9; and Species-800 is pre-processed by

Pyysalo10. The statistics of all datasets in terms of the number of tokens, sentences, and entities are

reported in Table 5.1.

Implementation Details

In the experiments, we use off-the-shelf NLP toolkits to generate syntactic information, following

the common practice in previous studies such as Mohit and Hwa (2005), Tkachenko and Simanovsky

(2012), and Luo et al. (2018). In our study, we focus on three types of syntactic information: POS

labels, syntactic constituents, and dependency relations. We use Stanford CoreNLP Toolkits (SCT)11

(Manning et al., 2014a), which is a well-known NLP toolkit used in many studies (Scozzafava et al.,

2020; Tian et al., 2020b), to obtain the POS tagging, constituency, and dependency parsing results of

a given input sentence.

For the encoder, considering that BERT (Devlin et al., 2019) and its variants (Beltagy et al.,

2019; Lee et al., 2019; Diao et al., 2020; Antoun et al., 2020) achieve state-of-the-art performance

on many NLP tasks, we use the variant for the medical domain, i.e., BioBERT (Lee et al., 2019),

in our method. Specifically, we use both the base and large version of BioBERT12 and follow the

hyper-parameters used by Lee et al. (2019) (i.e., for BioBERT-Base, there are 12 self-attention

heads with 768-dimensional hidden vectors; for BioBERT-Large, the number of heads is 24 with

1024-dimensional hidden vectors). All parameters in the encoder are fine-tuned in training. For the

KVMN module, the embeddings of all keys and values are randomly initialized, with their dimension

matching the dimension of hidden vectors in the BioBERT encoder. Besides, we follow the setting of

Lee et al. (2019) to run the training process, where we do not use the “alternate” annotations for the

BC2GM dataset. Moreover, for each method, we train five models with different random seeds to

initialize the model parameters and use the average of their micro F1 scores for evaluation.13 In the

9https://github.com/spyysalo/standoff2conll

10https://github.com/spyysalo/s800

11We use v3.9.2, downloaded from https://stanfordnlp.github.io/CoreNLP/.
12We obtain the pre-trained models v1.1 from https://github.com/naver/biobert-pretrained

13We evaluate all models by the widely used seqeval framework at https://github.com/chakki-works/
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experiments, we train each model for 150 epochs for the BC2GM dataset and for 60 epochs for all

other datasets.14 In each run, we evaluate the model on the development set after each epoch to find

its best performing result.

5.1.3 Results and Analysis

Overall Results

We run the baseline methods without using syntactic information and our methods with KVMN

(M) to incorporate three types of syntactic information obtained from SCT on six aforementioned

datasets, where two different encoders, i.e., BioBERT-Base and BioBERT-Large, are used. For

reference, we also run baseline methods that use direct concatenation (DC) to incorporate such

syntactic information, where the embeddings of context features and syntactic information are

directly concatenated with the output of the BioBERT encoder. We report the experimental results

(the average F1 scores of the five runs for each method as well as the standard deviations σ) in Table

5.2. There are some observations.

First, comparing with the baseline methods without using any syntactic information, our method

with KVMN can work well with both BioBERT-Base and BioBERT-Large encoder, where decent

improvements over the baseline methods are observed among all datasets. Second, compared with

DC, our methods with KVMN to incorporate syntactic information achieve better results in most

cases. Besides, in some cases where DC is applied, the syntactic information causes inferior results

than baselines. One possible explanation could be: there are some noisy syntactic results extracted

by off-the-shelf toolkits, which may influence the performance of the model and lead to worse

results compared to the baselines only using BioBERT. Under this condition, methods with DC

fail to distinguish the salient syntactic information that contributes more to the bioNER task in a

specific context. On the contrary, KVMN can weigh such syntactic information according to the

importance of the context features and thus, to some extent, avoid the errors caused by incorporating

auto-processed syntactic information.

We compare the results of our best performing model with previous studies on all aforementioned

seqeval.
14All experiments are run on a single Nvidia Tesla V100 GPU with 16G RAM.
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Methods
BC2GM JNLPBA

BC5CDR-

chemical

NCBI-

disease
LINNAEUS Species-800

F1 σ F1 σ F1 σ F1 σ F1 σ F1 σ

Base 84.61 0.21 76.85 0.31 93.50 0.10 88.63 0.71 88.27 0.32 74.97 0.46

+ DR (DC) 84.33 0.30 77.01 0.28 93.66 0.15 89.05 0.23 88.43 0.19 75.12 0.52

+ DR (M) 84.65 0.27 77.32 0.35 93.78 0.18 89.24 0.60 88.57 0.15 75.81 0.71

Large 84.89 0.17 77.29 0.19 93.90 0.31 88.65 0.59 88.87 0.65 74.98 0.59

+ DR (DC) 85.01 0.12 77.58 0.10 93.97 0.17 89.37 0.30 88.99 0.22 75.01 0.83

+ DR (M) 85.17 0.10 77.73 0.11 94.05 0.10 88.81 0.51 89.04 0.27 75.17 0.91

Table 5.2: The experimental results are reported in terms of average F1 scores (F1) and the standard

deviation σ. The methods in the group “Base’‘ and “Large” refer to baselines with BioBERT-Base

and BioBERT-Large encoder and our methods with KVMN (M). “DC” refers to the baseline method

using direct concatenation to incorporate syntactic information. “DR” stands for the dependency

relations, respectively.

datasets. The results (F1 scores) are summarized in Table 5.3, where our method outperforms the

previous study (i.e., Lee et al. (2019)) using the base and large version of BioBERT on all datasets.

Specifically, for the BioBERT-Base, the improvement of F1 scores on BC2GM, JNLPBA, BC5CDR-

chemical, NCBI-disease, LINNAEUS, and Species-800 are 0.20%, 0.23%, 0.53%, 0.37%, 0.55%,

and 0.90% respectively; for the BioBERT-Large, the improvement on BC2GM and NCBI-disease

are 0.28% and 0.84%, respectively. These results demonstrate the effectiveness of our method to

leverage auto-processed syntactic information in recognizing different types of named entities in the

biomedical domain. In addition, our method achieves state-of-the-art performance on four datasets,

i.e., BC2GM, BC5CDR-chemical, NCBI-disease, and Species-800. Compared with (Yoon et al.,

2019) and (Habibi et al., 2017), we do not outperform their results on JNLPBA and LINNAEUS,

because the gaps between their results and our baseline method, i.e., BioBERT from Lee et al. (2019),

are big on these datasets, which could be hard to compensate for by using syntactic information.
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Methods BC2GM JNLPBA
BC5CDR-

chemical

NCBI-

disease
LINNAEUS

Species-

800

biLSTM + pre-trained embeddings (Habibi et al., 2017) 78.57 77.25 91.05 84.64 94.13 73.11

biLSTM + attentions (Luo et al., 2018) - - 92.57 - - -

biLSTM + multi-task learning (Wang et al., 2018) 80.74 73.52 - 86.14 - -

biLSTM + pre-training (Sachan et al., 2018) 81.69 75.03 - 87.34 - -

biLSTM + transfer learning (Giorgi and Bader, 2018) 78.66 - 91.64 84.72 93.54 74.98

biLSTM + model ensemble (Yoon et al., 2019) 79.73 78.58 93.31 86.36 - -

SciBERT (Beltagy et al., 2019) - 77.28 - 88.57 - -

BERT (Lee et al., 2019) 81.79 74.94 91.16 85.63 87.60 71.63

BioBERT (Base) (Lee et al., 2019) 84.72 77.49 93.47 89.71 88.24 75.31

BioBERT (Large) (Lee et al., 2019) 85.01 - - 88.79 - -

BioBERT (Base) + DR (M) 84.92 77.72 94.00 90.08 88.79 76.21

BioBERT (Large) + DR (M) 85.29 77.83 94.22 89.63 89.24 76.33

Table 5.3: The result (F1 scores) of our method on each dataset comes from the best performing

model. The results for the base and large version of BioBERT are from their paper and GitHub

repository (We report the results of their version 1.1, which is identical to the BioBERT version used

in our experiments).

Except for the two datasets, our method outperforms their methods on all other datasets.

Effect of Different Toolkits

To explore the effect of using syntactic information from different NLP toolkits, in addition to SCT,

we try another toolkit, i.e., spaCy15, to obtain the auto-processed syntactic information. We report

the results (the average F1 scores and the standard deviation σ) of our methods with KVMN on the

BC5CDR-chemical dataset in Table 5.4. For reference, the results of our method using SCT as well

as the baseline results are also reported. From the results, we can find that, for both base and large

BioBERT encoders, our method can leverage the syntactic information from different NLP toolkits

and thus achieves better performance comparing with the baseline methods.

15https://spacy.io/
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BioBERT-Base BioBERT-Large

F1 σ F1 σ

Baseline 93.50 0.10 93.90 0.31

Stanford CoreNLP Toolkits 93.78 0.18 94.05 0.10

spaCy 93.71 0.12 93.97 0.13

Table 5.4: Results of using different NLP toolkits on the BC5CDR-chemical dataset. The experi-

mental results (the average F1 scores and the standard deviation (σ)) of our method with KVMN

(M) using different NLP toolkits (i.e., Stanford CoreNLP Toolkits and spaCy) to obtain dependency

relations (DR). The results of baseline models without using any syntactic information are also

reported for reference.

Case Study

Figure 5.3: The figure presents an example of syntactic information and the context features for

“dystrophy”. The weights for syntactic information learned from the memories are highlighted with

the darker color referring to greater value.

To better understand how our method improves BioNER, in Figure 5.3, we show a sentence and

illustrate the way of dependency relations to improve bioNER. We visualize the weights assigned to

dependency relations for the word “dystrophy” in another example sentence. In this case, dependency

information successfully finds the dependents, i.e., “Myotonic”, “DM”, and “disorder”, of “dystro-
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phy”, which could suggest useful cues to predict the NE labels. Among those dependents, KVMN

distinguishes that the dependent “discorder” with an “appos” dependency relation (appositional mod-

ifier) strongly suggests “dystrophy” is a disease entity. Therefore, KVMN assigns the highest weight

to the dependency relation offered by “disorder”. Similarly, another modifier (i.e., “Myotonic”)

of “dystrophy” is also distinguished and weighed by the KVMN, and the second-highest weight is

assigned to it accordingly. It is worth noting that the dependency information that contributes most to

recognizing “dystrophy” as a part of an NE comes from a word (“disorder”) in the long-distance;

dependency information is able to capture that information and helps our method predict the NE tag

for the word “dystrophy”.

5.2 Relation Extraction

Recent advances in relation extraction (RE) primarily rely on neural approaches utilizing powerful

encoders, such as CNNs, RNNs, and Transformers, which effectively model contextual information

without manual feature engineering (Zeng et al., 2014; Zhang and Wang, 2015; Zhou et al., 2016b). To

further enhance performance, many studies incorporate syntactic knowledge, particularly dependency

trees, which provide meaningful long-distance connections between entities and relevant context

words (Miwa and Bansal, 2016; Zhang et al., 2018; Chen et al., 2021). However, automatically

generated dependency trees often introduce noise, potentially confusing the model and harming

performance. Conventional approaches alleviate this issue by employing pruning strategies to filter

noisy dependencies before encoding structures with neural architectures such as graph convolutional

networks (GCN) (Xu et al., 2015b; Zhang et al., 2018). However, fixed pruning approaches cannot

ensure the retention of all critical contextual information nor completely eliminate noise. Additionally,

current graph-based approaches typically assign equal importance to all dependency edges, neglecting

valuable dependency labels (e.g., nominal subjects, objects) that explicitly convey syntactic relations

and potentially important semantic cues. Thus, an effective approach that dynamically identifies and

leverages essential contextual information within dependency structures without relying on heuristic

pruning and fully exploiting informative dependency labels is required.

In this thesis, we propose a type-aware graph convolutional network (T-GCN) with an attention

mechanism for RE, improving the model performance by dynamically modeling dependency trees
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Figure 5.4: An illustration of noises in the dependency tree that may hurt relation extraction, where

the word dependency connected in between “pumpkin mixture” and “bowl” (whose relation is content-

container) may introduce confusion to the system when the object is to predict the relation between

“milk” and “pumpkin mixture” (whose relation is entity-destination).

and dependency types. Specifically, our T-GCN assigns attention weights to dependency connections,

differentiating important contextual information from noisy edges within dependency trees generated

by off-the-shelf parsers. Furthermore, dependency label types are integrated into the attention

computation, explicitly utilizing syntactic relations between connected words to better inform relation

extraction decisions. Experiment results on benchmark datasets demonstrate the effectiveness of the

approach to incorporate the dependency information for RE, which outperforms strong baselines and

existing studies.

5.2.1 The Approach

RE is conventionally performed as a typical classification task. Our approach follows this paradigm

by using T-GCN and incorporates dependency information to improve model performance, where the

overall architecture of our model is illustrated in Figure 5.5. Specifically, given an unstructured input

sentence X = x1, · · · , xN with N words and let E1 and E2 denote two entities in X , our approach

f predicts the relation ŷ between E1 and E2 by

ŷ = f(X , E1, E2) (5.4)

The following texts firstly illustrate our proposed T-GCN equipped with dependency type information

and then illustrate the process of applying T-GCN to the classification paradigm for RE.
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Figure 5.5: The overall architecture of the proposed T-GCN for RE illustrated with an example input

sentence (the two entities “defamation” and “bishop” are highlighted in blue and red colors, respec-

tively) and its dependency tree. The left part shows our T-GCN model, where the attention weights

are applied to different connections to model the dependency type-aware contextual information. The

right part illustrates the adjacency matrix A for the dependency graph and the process to compute

the attention weights (i.e., p(l)i,j) for different connections.

T-GCN

In standard GCN illustrated in Section 3.3.4, the connections among tokens are treated equally (i.e.,

ãn′,n′′ is either 0 or 1). Therefore, standard GCN for RE are not able to distinguish the importance

of different connections and thus pruning on them is of great importance for RE. Therefore, we

propose T-GCN for this task, which uses an attention mechanism to compute the weights for different

connections so that the model is able to leverage different dependency connections accordingly. In

addition, the standard GCN and most previous studies omit the dependency types associated with

the dependency connections, where those types contain highly useful information for RE and are



85

introduced into T-GCN in this work. Specifically, we map the dependency type rn′,n′′ in the relation

type matrix16 R to its embedding rn′,n′′ . Then, at the l-th T-GCN layer, the weight for the connection

between xn′ and xn′′ is computed by

w
(l)
n′,n′′ =

ãn′,n′′ · exp
(
s
(l)
n′,n′′ · s(l)n′′,n′

)
∑N

n′′=1 ãn′,n′′ · exp
(
s
(l)
n′,n′′ · s(l)n′′,n′

) (5.5)

where s(l)n′ and s
(l)
n′′ are two intermediate vectors for xn′ and xn′′ , respectively, which are computed by

s
(l)
n′,n′′ = h

(l−1)
n′ ⊕ rn′,n′′ (5.6)

and

s
(l)
n′′,n′ = h

(l−1)
n′′ ⊕ rn′′,n′ (5.7)

Afterwards, we apply the weight w(l)
n′,n′′ to the associated dependency connection between xn′ and

xn′′ and obtain the output representation of xn′ by

h
(l)
n′ = σ

(
N∑

n′′=1

w
(l)
n′,n′′

(
W(l) · h̃(l−1)

n′,n′′ + b(l)
))

(5.8)

with σ, W(l), and b(l) following the same notations in Eq. (3.12) for standard GCN, and h̃
(l−1)
n′′ (a

type-enhanced representation for xn′′) computed by

h̃
(l−1)
n′′ = h

(l−1)
n′′ +W

(l)
T · rn′,n′′ (5.9)

where W
(l)
T maps the dependency type embedding rn′,n′′ to the same dimension as h(l−1)

n′′ .

Compared with standard GCN (i.e., Eq. (3.12)), our approach uses numerical weighting (i.e.,

w
(l)
n′,n′′ ∈ [0, 1]) rather than a binary choice for ãn′,n′′ , to distinguish the importance of different

connections so as to leverage them accordingly. In addition, compared to the T-GCN proposed

in Section 4.3.1, although we utilize a similar idea by combining the GCN with attentions, we

integrate the dependency type information into both the computed weight (i.e., p(l)n′,n′′) and the output

representation of xi (i.e., h(l)
n′ ).

16See Section 3.1.2 for the process to obtain the matrix.
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ACE05 SemEval

# Instances

Train 48,198 8,000

Dev 11,854 -

Test 10,097 2,717

Table 5.5: The number of unique instances (i.e., entity pairs) of ACE05 and SemEval benchmark

datasets.

Relation Extraction with T-GCN

Before applying T-GCN for RE, we firstly encode the input X into hidden vectors by BERT (Devlin

et al., 2019) with h
(0)
n′ denoting the hidden vector for xn′ , where the hidden vector (denoted as hX )

for the special sentence-initial token “[CLS]” is used as the representation for the entire sentence.

Next, we feed h
(0)
n′ to our proposed T-GCN model with L layers and obtain the corresponding output

h
(L)
n′ . Then, we apply the max pooling mechanism to the output hidden vectors of the tokens that

belongs to an entity mention (i.e., Ei, i = 1, 2) to compute the representation for the entity (denoted

as hEi) by

hEi = MaxPooling({h(L)
n′ |xn′ ∈ Ei}) (5.10)

Afterwards, we concatenate the representations of the sentence (i.e., hX ) and two entities (i.e., hE1

and hE2) and apply a trainable matrix WR to the computed vector to map it to the output space by

o = WR · (hX ⊕ hE1 ⊕ hE2) (5.11)

where o is fed into a softmax decoder to predict the relation ŷ between E1 and E2.



87

Figure 5.6: An illustration on the two (i.e., local and global) groups of dependency connections for

an example sentence (entities are highlighted in red color) with an adjacency matrix (on the right)

built upon all connections from the two groups. Local and global connections are represented in

orange and blue colors, respectively,

5.2.2 Experiment Settings

Datasets

In the experiments, we use two English benchmark datasets for RE, namely, ACE2005EN (ACE05)17

and SemEval 2010 Task 8 (SemEval)18 (Hendrickx et al., 2010). For ACE05, we use its English

section and follow previous studies (Miwa and Bansal, 2016; Christopoulou et al., 2018; Ye et al.,

2019) to pre-process it (two small subsets cts and un are removed) and split the documents into

training, development, and test sets19. For SemEval, we use its official train/test split20. The numbers

of unique relation types in ACE05 and SemEval are 7 and 19, respectively. We report the number

of instances (i.e., entity pairs), for train/dev/test sets of ACE05 and SemEval benchmark datasets in

Table 5.5.
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Dependency Graph Construction

To construct graphs for T-GCN, we use Standard CoreNLP Toolkits (SCT)21 to obtain the dependency

tree for each input sentence. Although our approach is able to distinguish the importance of different

dependency connections through the attention mechanism, it is still beneficial if we can filter out

those dependency connections that bring confusion to RE through particular pruning strategies.

Motivated by previous studies (Xu et al., 2015b; Zhang et al., 2018; Yu et al., 2020), in this thesis,

we construct the graph for T-GCN by including two groups of dependency connections, namely, the

local connections and the global connections. In detail, local connections include all dependencies

that directly connect to the heads of two entities and global connections include all dependencies

along the shortest dependency path (SDP) between the heads of two entities, where, in many cases,

words that are not directly connected to the two entities are also involved. With an example sentence

including two entities (i.e., “company” and benchmarking), Figure 5.6 illustrates the two groups of

dependency connections and the resulted adjacency matrix, which is built with the connections from

the two groups22. It is worth noting that, when the SDP is short, there might be more connections in

the local group than that in the global one.

Implementation Details

Following Soares et al. (2019), we insert four special tokens (i.e., “<e1>”, “</e1>”, “<e2>”, and

“</e2>”) into the input sentence to mark the boundary23 of the two entities to be investigated, which

allows the encoder to distinguish the position of entities during encoding and thus improves model

performance. For the encoder, we try the uncased version of BERT-base and BERT-large24 following

17We obtain the official data (LDC2006T06) from https://catalog.ldc.upenn.edu/LDC2006T06.
18The data is downloaded from http://docs.google.com/View?docid=dfvxd49s_36c28v9pmw.
19We follow the train/dev/test splits specified by Miwa and Bansal (2016) at https://github.com/tticoin/
LSTM-ER/tree/master/data/ace2005/split

20SemEval only includes the training and test sets.
21We download the version 3.9.2 from https://stanfordnlp.github.io/CoreNLP/.
22We do not distinguish the two groups of connections in T-GCN once they are represented by the adjacency matrix.
23For example, “<e1>” and “</e1>” are respectively inserted right before and after the entity E1 in the input X .
24We download different BERT models from https://github.com/huggingface/transformers.
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ID Models ACE05 SemEval

1 BERT-base 75.31 87.87

2 + GAT (Full) 76.16 88.39
3 + GAT (L + G) 75.79 88.53

4 + 1 GCN layer (Full) 74.91 87.58
5 + 1 T-GCN layer (Full) 76.63 88.34
6 + 1 GCN layer (L + G) 75.51 88.64
7 + 1 T-GCN layer (L + G) 77.10 89.03

8 + 2 GCN layers (Full) 75.09 88.66
9 + 2 T-GCN layers (Full) 77.25 88.70
10 + 2 GCN layers (L + G) 76.11 88.62
11 + 2 T-GCN layers (L + G) 77.30 89.16

12 + 3 GCN layers (Full) 75.69 88.54
13 + 3 T-GCN layers (Full) 76.26 88.63
14 + 3 GCN layers (L + G) 76.85 88.33
15 + 3 T-GCN layers (L + G) 76.36 88.70

(a) BERT-base

ID Models ACE05 SemEval

1 BERT-large 76.79 89.02

2 + GAT (Full) 78.25 89.39
3 + GAT (L + G) 78.71 89.44

4 + 1 GCN layer (Full) 77.63 88.98
5 + 1 T-GCN layer (Full) 78.53 89.54
6 + 1 GCN layer (L + G) 77.49 89.11
7 + 1 T-GCN layer (L + G) 78.48 89.69

8 + 2 GCN layers (Full) 78.67 89.43
9 + 2 T-GCN layers (Full) 78.91 89.70

10 + 2 GCN layers (L + G) 78.82 89.42
11 + 2 T-GCN layers (L + G) 79.05 89.85

12 + 3 GCN layers (Full) 78.08 89.62
13 + 3 T-GCN layers (Full) 78.45 89.46
14 + 3 GCN layers (L + G) 78.64 89.19
15 + 3 T-GCN layers (L + G) 78.83 89.56

(b) BERT-large

Table 5.6: F1 scores of our T-GCN models and the baselines (i.e., BERT-only, standard GAT, and

standard GCN) under different settings with BERT-base (a) and BERT-large (b) used. All graph-based

models (i.e., GAT, GCN, and T-GCN) are tested with two settings: the first is using the full graph

(Full) with all dependency connections involved and the second is using the combination of local and

global connections (L + G). We also run GCN and T-GCN with different numbers of layers (i.e., 1 to

3 layers) for fair comparisons.

the default settings. For T-GCN, we randomly initialize all trainable parameters and the dependency

type embeddings. For evaluation, we follow previous studies to use the standard micro-F1 scores25

for ACE05 and use the macro-averaged F1 scores26 for SemEval. In our experiments, we try different

combinations of hyper-parameters, and tune them on the dev set, then evaluate on the test set by the

model that achieves the highest F1 score on the dev set.

25We use the evaluation script from sklearn framework.
26We use the official evaluation script downloaded from http://semeval2.fbk.eu/scorers/task08/
SemEval2010_task8_scorer-v1.2.zip.
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5.2.3 Results and Analyses

Overall Results

In the experiments, we run our T-GCN models using BERT-base and BERT-large encoder on graphs

with and without applying dependency pruning strategies, which correspond to the graph built upon

the combined local and global connections (“L + G”), as well as the one constructed by the full

dependency graph (“Full”), respectively. We also run baselines with standard GCN and standard

graph attentive networks (GAT) (Veličković et al., 2017) with the same graph. For both standard GCN

and T-GCN, we try different numbers of layers (i.e. 1 to 3 layers). In addition, we try BERT-base and

BERT-large baselines without using any dependency information. Table 5.6 shows the F1 scores of

our T-GCN models and all the aforementioned baselines on the test set of ACE05 and SemEval.27

There are several observations. First, T-GCN functions well when using BERT-base or BERT-

large as encoder, where the consistent improvement is observed over the BERT-only baselines (ID:

1) across two benchmark datasets, even though the BERT baselines have already achieve good

performance. Second, for both datasets, T-GCN outperforms GAT (ID: 2, 3) and standard GCN

baselines (ID: 4, 6, 8, 10, 12, 14) with the same graph (i.e., either “L + G” or “Full”) and equal number

of layers. Particularly, when full dependency graph is used, it is noted that, in some cases (e.g., ID: 8

for BERT-base on ACE05), standard GCN obtains very limited improvements (or even worse results)

over the BERT-only baseline (ID: 1), whereas our T-GCN models (e.g., ID: 9 for BERT-base) is able

to consistently outperform the BERT-only baseline and achieve higher performance. We attribute

this observation to the attention mechanism used to weigh different dependency connections, which

allows T-GCN to distinguish the noise in the graph and thus leverage useful dependency information

accordingly. Third, among the models with different numbers of T-GCN layers, the ones (e.g., ID:

11 for BERT-base and ID: 11 for BERT-large) with two T-GCN layers achieves the highest scores,

where similar tread is observed from the standard GCN baselines. Besides, we find that our T-GCN

models (as well as the standard GCN baselines) with the local and global connections (i.e., “L +

G”) consistently outperform the ones with full dependency graph (i.e., “Full”). These observations

are relatively intuitive since the dependency information may introduce more noise to RE when

27For the same group of models, we report the F1 scores on the development sets in Appendix C and the mean and
standard deviation of their test set results in Appendix D.
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it is leveraged in an intensive way (e.g., by using more layers or the full dependency tree without

pruning).

In addition, we compare our best models (with “L + G” or “Full” graphs) using BERT-large

encoder and two T-GCN layers (ID: 9 and 11) with previous studies. The test results (F1 scores)

are reported in Table 5.7, where our model with both local and global connections (i.e., “L + G”)

outperforms all previous studies and achieves state-of-the-art performance on the two benchmark

datasets. Specifically, compared with Guo et al. (2019) who proposed an graph-based approach with

attentions to leverage dependency connections, our approach leverages both dependency connections

and dependency types among all input words and thus provides a better way to comprehensively

leverage the dependency information. In addition, although Mandya et al. (2020) proposed an

approach to leverage both dependency connections and dependency types through attentions, they

added the dependency type directly to the input word embeddings along with POS embeddings, and

the attention in their approach is a separate stand-alone module which is added on the top of the

GCN layer. On the contrary, in our approach, the dependency type is added to each T-GCN layer

and the attention mechanism is directly applied to each dependency connection in the T-GCN layer.

Therefore, compared with Mandya et al. (2020), our T-GCN encodes the dependency connections

and dependency types in a more intensive manner and thus can better leverage them to guide the

process of predicting the relations between the given entities.

The Effect of T-GCN

Dependency information is supposed to be beneficial for RE because it contains long-distance

word-word relations, which could be extremely useful when the given two entities are far away from

each other in the input sentence. To explore the effect of T-GCN in capturing such long-distance

word-word relations to help with RE, we split the test instances into different groups according to

their entities’ distances (i.e., the number of words between the two entities) and run models on these

groups to test their performance. Figure 5.7 shows the performance of our best performing T-GCN

model with BERT-large (ID: 11 in Table 5.6) and its corresponding standard GCN and BERT-large

baselines on the three groups of test instances from the test set of SemEval, where the category name



92

Models ACE05 SemEval

Zhang et al. (2018) - 84.8

Christopoulou et al. (2018) 64.2 -

Ye et al. (2019) 68.9 -

Wu and He (2019) (BERT) - 89.2

Soares et al. (2019) (BERT) - 89.5

Guo et al. (2019) - 85.4

Sun et al. (2020) - 86.0

Mandya et al. (2020) - 85.9

Yu et al. (2020) - 86.4

Ours 79.05 89.85

Table 5.7: The comparison (F1 scores) between previous studies and our best models using two

T-GCN layers and BERT-large encoder on ACE05 and SemEval.

indicates the range of the entity distance.28 It is observed that, T-GCN outperforms the two baselines

on all groups of test instances and the improvement becomes larger when the entity distance increases.

This observation confirms that our approach is able to leverage dependency information and capture

long-distance word-word relations to improve RE.

The Effect of Graph Construction

In the main experiments, we try T-GCN with the graph built upon the combined local and global

connections (“L + G”). To explore the effect of the local connections and the global connections

for T-GCN, we run our approach using two T-GCN layers with the graph constructed by local

connections (“L”) or global connections (“G”) alone. Table 5.8 presents the experimental results

(F1 scores) of different models with BERT-base and BERT-large encoders, where the results from

BERT-only baselines, T-GCN (L + G), and T-GCN (Full) are also copied from Table 5.6 for reference.

Compared to T-GCN (L + G), models with the graph constructed by either local connections (i.e.,

T-GCN (L)) or global connections (i.e., T-GCN (G)) achieve lower performance, which complies

28For example, a test sentence whose distance in between two entities is 7 will fall into the group (5, 10].
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Figure 5.7: Performance (F1 scores) of different models (i.e., BERT-only, two layers of standard

GCN, and two layers of T-GCN) with the BERT-large encoder on three groups of test instances from

SemEval, where each group is generated based on the distance (i.e., number of words) between two

entities in an instance.

with our intuition because both groups of connections contain important contextual features for

RE. Interestingly, it is found that T-GCN (L) outperforms T-GCN (G) with both BERT-base and

BERT-large encoders. A possible explanation could be the following. There are overlaps between

local and global connections (e.g., the connection between “range” and “restrictions” in Figure 5.6).

Therefore, T-GCN (L) can not only leverage the contextual information associated with the entities

themselves, but is also partially29 benefited from the overlapping connections on the SDP between

the two entities, which leads T-GCN (L) to achieve a higher performance than T-GCN (G).

Ablation Study

Compared with the standard GCN, T-GCN enhances it from two aspects: (1) using an attention

mechanism to weigh different dependency connections and (2) introducing dependency types to the

process to encode more detailed dependency information. To better investigate the effect of each

individual enhancement (i.e., the attention mechanism or the dependency type information), we

conduct an ablation study on our best model, i.e., two layers of T-GCN (L + G) with BERT-base

29When there is only one word on the shortest dependency path between two entities, all global connections are included
in local ones, e.g., “defamation” and “bishop” in Figure 5.5.
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ID Models ACE2005 SemEval

1 BERT-Base 75.31 87.87

2 + T-GCN (L) 76.92 88.89

3 + T-GCN (G) 76.72 88.89

4 + T-GCN (L + G) 77.30 89.16

5 + T-GCN (Full) 77.25 88.70

6 BERT-Large 76.79 89.02

7 + T-GCN (L) 78.61 89.70

8 + T-GCN (G) 78.40 89.38

9 + T-GCN (L + G) 79.05 89.85

10 + T-GCN (Full) 78.91 89.70

Table 5.8: Performance of our models with two T-GCN layers using the graphs built upon (1) only

local connections (L), (2) only global connections (G), (3) the combination of local and global

connections (G + L) , and (4) full dependency graph (Full). The performance of BERT-only baseline

is also reported for reference.

and BERT-large encoder. Table 5.9 reports the experimental results of different models, where the

performance of BERT-only baseline and the standard GCN baseline (i.e., the one uses neither the

attention mechanism nor dependency types) are also reported for reference. The results clearly

indicate that, the ablation of either enhancement (i.e., the attention mechanism or the dependency

type information) could result in worse results (compared with full T-GCN). Between the two

enhancements, the ablation of the attention mechanism hurts T-GCN more, which indicates the ability

of distinguishing important connections and leveraging them accordingly plays a more important

role in RE.
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Att. Type ACE2005 SemEval

BERT-base

Baseline 75.31 87.87
√ √

77.30 89.16

×
√

77.00 88.07
√

× 76.27 88.50

GCN 76.11 88.62

BERT-large

Baseline 76.79 89.02
√ √

79.05 89.85

×
√

78.92 89.26
√

× 78.22 89.37

GCN 77.92 89.13

Table 5.9: The ablation study on the attention mechanism (Att.) and dependency types (Type) in

our best model, i.e., two layers of T-GCN (L + G). “
√

” and “×” stand for that whether a module is

used. The F1 scores of BERT-only and the standard two layers of GCN (L + G) are also reported for

references.

Case Study

To explore in detail that how T-GCN leverages dependency connections and types to improve RE, we

conduct a case study with our T-GCN models with different dependency graphs (i.e., two layers of T-

GCN (Full) and T-GCN (L + G) with BERT-large encoder) on an example sentence “A central vacuum

is a vacuum motor and filtration system built inside a canister.”. Figure 5.8 shows the sentence

where both the two models correctly predict the relation between “motor” (E1) and “canister” (E2)

(highlighted in the red color) to be “Content-Container”, whereas the baseline GCN (Full) and

GCN (L + G) models fail to do so. We also visualize the attention weights assigned to different

dependency connections extracted from the last T-GCN layer, with darker and thicker lines referring

to higher weights. In this example, for T-GCN (Full), we observe that the connection between “built”

and “canister” along SDP and the connection between “inside” and “canister” receive the highest

weights, where this is valid because the dependency type, i.e., obl (oblique nominal), associated
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Figure 5.8: Visualizations of weights assigned to different dependency connections of T-GCN (Full)

and T-GCN (L + G) for an example input, where darker and thicker lines refer to connections with

higher weights.

with the connection (between “built” and “canister”) reveals that “canister” could be the position

where the action (i.e., build) takes place, and is further confirmed by another dependency connection

and type (i.e., case) between “inside” and “canister”. Therefore, it is proved that our model learn

from the contextual information carried by such important connections and results in correct RE

prediction. Similarly, T-GCN (L + G) also correctly perform RE on this case by highlighting the

same dependency connections as those from the T-GCN (Full) with much higher weights (because

many dependency connections are filtered out).

5.3 Aspect-based Sentiment Analysis

Pragmatic-level tasks address language use in context, focusing on how meaning is affected by situa-

tional factors and speaker intent. Aspect-based sentiment analysis (ABSA) is a typical pragmatic-level

task that attracts much attention from existing studies. Recent neural approaches for aspect-based

sentiment analysis (ABSA) primarily leverage powerful encoders such as Bi-LSTM and Transformer,

effectively capturing contextual features in text (Wang et al., 2016b; Tang et al., 2016a; Fan et al.,

2018). To further improve context modeling, some studies employ graph convolutional networks

(GCN) built upon dependency parsing results, allowing models to capture distant relationships
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Figure 5.9: An example sentence (including the aspect term “drink menu”) with its dependency

parsing result.

between words and aspects more explicitly (Sun et al., 2019; Huang and Carley, 2019; Zhang et al.,

2019a). Despite demonstrated improvements, these GCN-based methods remain limited by two key

issues. First, they treat all dependency edges equally, neglecting the informative syntactic details

embedded within dependency types, thus potentially ignoring crucial cues for sentiment prediction.

For instance, dependency types such as “nsubj” explicitly indicate important semantic relationships

but are not leveraged by existing GCN methods. Second, previous GCN models commonly utilize

representations exclusively from their final layers, disregarding potentially valuable contextual in-

formation captured by intermediate layers. Different GCN layers may encode varying degrees of

contextual abstraction, and omitting intermediate-layer information can lead to incomplete modeling

of contextual nuances. Therefore, an effective framework that explicitly integrates dependency type

information and appropriately aggregates information from multiple GCN layers is necessary to fully

exploit dependency knowledge for ABSA.

To address these challenges, we propose a type-aware graph convolutional network (T-GCN)

designed to comprehensively incorporate word relations along with their dependency types for ABSA.

Specifically, our approach first constructs a dependency graph with edges labeled by dependency types

extracted using off-the-shelf parsers. Then, an attention mechanism dynamically assigns weights to

these typed edges, distinguishing the important contextual information for the task. Additionally,

an attentive layer ensemble is introduced to effectively combine context-aware representations from

multiple GCN layers. Experiments conducted on six English benchmark datasets demonstrate the

effectiveness of our T-GCN, achieving state-of-the-art performance and confirming the benefits of

explicitly leveraging dependency types and attentively aggregating multi-layer contextual information.
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Figure 5.10: The overall architecture of our approach with an example sentence-aspect pair input

(the aspect words “dink menu” are in boldface) from a sentence. Our T-GCN and ALE are marked on

top of the figure.

5.3.1 The Approach

Given an input sentence X = x1, x2, · · · , xN and the aspect terms A ⊂ X (A is usually a sub-string

of X ), the conventional ABSA approaches often take the sentence-aspect pair as the input and

predicts A’s sentiment polarity ŷ (Tang et al., 2016b; Ma et al., 2017; Xue and Li, 2018; Hazarika

et al., 2018; Fan et al., 2018; Huang and Carley, 2018; Tang et al., 2019; Chen and Qian, 2019;

Tan et al., 2019; Tang et al., 2020). We follow this paradigm, and the overview of our approach

is illustrated in Figure 5.10, with a contextual encoder (i.e., BERT), the proposed T-GCN, and the

attentive layer ensemble (ALE). The overall conceptual formalism of our approach can be written as

ŷ = f (X ,A) (5.12)
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Figure 5.11: An illustration of how we build the type-aware graph from dependency parsing results

and the detail of a T-GCN layer that consumes the graph. Edges and their dependency types are

illustrated in the adjacency matrix and the relation matrix, respectively.

Herein, the T-GCN is the same as the model for RE in Section 5.2.1. Therefore, in the following

texts, we describe the ALE to incorporate contextual information from different T-GCN layers and

then illustrate incorporating T-GCN to ABSA.

T-GCN with Attentive Layer Ensemble

For each word xn′ , since every T-GCN layer incorporates information from the words that directly

connect to it, so that multiple T-GCN layers could learn indirect word relations from long distances.

Thus, it is assumed that different layers have their unique capabilities to encode contextual information.

To utilize such capabilities, we propose to comprehensively learn from all T-GCN layers with an

attentive layer ensemble.
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Figure 5.12: The illustration of how we compute h
(l)
n′ for x3 =“menu” through a T-GCN layer. All

words xn′′ connected to “menu” with their dependency types (in embeddings rn′,n′′) are shown at the

bottom part.

In doing so, we firstly obtain the output o(l) from each T-GCN layer by averaging the output

hidden vectors of all tokens xi of the aspect terms:

o(l) =
1

|A|
·
∑
xi∈A

h
(l)
i (5.13)

where |A| is the number of tokens in the aspect terms A. Then we attentively ensemble the output of

all T-GCN layers through a weighted average:

o =
L∑
l=1

β(l) · o(l) (5.14)

where o is the final vector output for ABSA and β(l) is a trainable weight assigned to o(l) to balance

its contribution and satisfying
∑L

l=1 β
(l) = 1.

Encoding and Decoding with T-GCN

To support applying T-GCN for ABSA, there are necessary encoding and decoding processes. For

encoding, there are two ways in doing so. The first is to take the sentence X as the input, and the
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Datasets Pos. # Neu. # Neg. #

Lap14
Train 994 464 870

Test 341 169 128

Rest14
Train 2,164 637 807

Test 728 196 182

Rest15
Train 907 36 254

Test 326 34 207

Rest16
Train 1,229 69 437

Test 469 30 114

Twitter
Train 1,561 3,127 1,560

Test 173 346 173

MAMS

(ATSA)

Train 3,380 5,042 2,764

Dev 403 604 325

Test 400 607 329

Table 5.10: The number of aspects with positive, neutral, and negative sentiment polarities in all

datasets.

second is to take the sentence-aspect pair as the input, where the standard encoding process (see

Section 3.3.1) is used to compute the hidden vectors of the input. For both cases, the hidden vectors

are fed into the T-GCN model and the ALE module. For decoding, after we obtain o from ALE, we

firstly map o to the label space by a fully connected layer, u = W · o+ b, where W and b are the

trainable matrix and the bias, respectively. Then, we employ a softmax function to u to predict the

output sentiment ŷ for the aspect A in X .
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5.3.2 Experiment Settings

Datasets

In the experiments, we employ five widely used English benchmark datasets: Lap14 and Rest14

from Pontiki et al. (2014), Rest15 from Pontiki et al. (2015), Rest16 from Pontiki et al. (2016), and

Twitter from Dong et al. (2014), with their official train/test splits. In addition, we try another recently

released English dataset, named MAMS30 (Jiang et al., 2019), with the official train/dev/test splits for

ABSA, which is much larger than the aforementioned five datasets. It is worth noting that, in addition

to the positive, neutral, and negative sentiment labels, Lap14, Rest14, and Rest16 contain another

conflict label, which identifies the aspects that have conflict sentiment polarities. For example, the

aspect “sushi” is assigned by a conflict label in “Certainly not the best sushi in New York, however,

it is always fresh.” from Rest14. Therefore, we follow Tang et al. (2016b) to clean the datasets by

removing all aspects with the aforementioned conflict label, as well as sentences without an aspect.

The statistics (number of aspects with positive, neutral, and negative labels) of the processed six

datasets are reported in Table 5.10.

Implementation Details

To build the graph for T-GCN, we firstly use the current best-performing constituency parser, i.e.,

SAPar31 (Tian et al., 2020d), to parse all input text into constituency trees, then convert the trees into

dependency trees by Stanford Converter32, and finally build the graph over the dependency relations

and types from the trees.33 We employ the uncased BERT-base and BERT-large34 (Devlin et al.,

2019) as the context encoder with their default settings. For the number of T-GCN layers, we set it

to three. We try two ways to encode the input, where the first encodes the single sentence and the

second encodes the sentence-aspect pair. For all models, we use the pre-trained parameters of BERT

and initialize all other trainable parameters by Xavier (Glorot and Bengio, 2010). Moreover, we use

30We use the ATSA part of MAMS obtained from https://github.com/siat-nlp/MAMS-for-ABSA.
31https://github.com/cuhksz-nlp/SAPar

32We use the converter of version 3.3.0 from https://stanfordnlp.github.io/CoreNLP/index.html.
33We also try Stanford CoreNLP Toolkits (https://stanfordnlp.github.io/CoreNLP/) (Manning et al.,
2014a) and spaCy (https://spacy.io/) dependency parsers with similar results obtained.
34We obtain the BERT models from https://github.com/huggingface/pytorch-pretrained-BERT.
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the cross-entropy loss function for our models and follow previous studies (Tang et al., 2016a; Chen

et al., 2017a; He et al., 2018a; Sun et al., 2019; Zhang et al., 2019a) to evaluate them via accuracy and

macro-averaged F1 scores over all sentiment polarities. For datasets without the official development

set, we randomly sample 10% instances from the training set and regard them as the development

set to find the best hyper-parameter setting which is then used to train different models on the entire

training set.

5.3.3 Results and Analyses

Overall Results

In the main experiments, for each encoder (i.e., BERT base and large), we run two baselines: 1, only

using BERT and 2, BERT with normal GCN where all edges are equally treated and the ABSA result

is predicted based on the output of the last GCN layer. Table 5.11 reports the experimental results

from all baselines and our models.

There are several observations. First, for both BERT-base and BERT-large encoders, although the

models with normal GCN are able to enhance the BERT baselines, our models can further improve

the performance in both accuracy and F1 scores on all datasets. This observation clearly illustrates

the effectiveness of incorporating dependency type information into GCN and thus improves ABSA

accordingly. Second, in most cases, our models that encode the sentence-aspect pair achieve higher

results than the ones encoding the single sentence, which is not surprising because the aspect is

therefore emphasized in the input and provides more contextual information to be modeled for ABSA.

To further demonstrate the effectiveness of our approach, we compare the performance of our

best model (i.e., T-GCN using BERT-large encoder with sentence-aspect pair input) with previous

studies on all datasets. The results are reported in Table 5.12, where our model outperforms previous

studies, including the ones (Huang and Carley, 2019; Wang et al., 2020; Tang et al., 2020) using

dependency information (marked by “†”), on all datasets in terms of both accuracy and F1 scores. In

particular, compared with our approach, Huang and Carley (2019) use a variant of graph attention

networks (GAT), while they do not use dependency types; Wang et al. (2020) also use a variant

of GAT and they use the relation type as well, but they do not assign different weights to separate

word-word relations; Tang et al. (2020) use a variant of GCN, but they do not use the dependency
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Models
Lap14 Rest14 Rest15 Rest16 Twitter MAMS

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

BERT-base (S) 77.74 73.30 82.68 73.54 81.34 63.57 88.89 68.19 73.70 71.50 78.94 79.42

+ GCN 79.52 76.01 84.79 77.93 83.60 65.71 90.76 72.79 75.16 72.96 80.69 80.27

+ T-GCN 80.25 76.92 85.54 78.86 85.07 72.50 91.83 76.86 76.16 74.44 81.73 81.12

BERT-base (P) 78.68 74.64 84.55 77.34 83.40 65.28 89.54 70.47 75.00 72.53 80.11 80.34

+ GCN 79.94 76.72 85.09 78.81 84.14 65.75 91.01 73.38 75.29 73.68 81.96 81.31

+ T-GCN 80.88 77.03 86.16 79.95 85.26 71.69 92.32 77.29 76.45 75.25 83.38 82.77

BERT-large (S) 78.06 74.67 83.04 73.27 83.02 68.34 90.20 73.64 73.12 72.08 79.33 79.87

+ GCN 80.09 76.84 86.07 80.35 84.69 70.31 91.48 74.96 75.21 73.69 81.36 81.04

+ T-GCN 81.50 78.48 86.88 81.03 85.07 70.30 92.32 75.83 75.43 73.71 82.70 82.16

BERT-large (P) 79.62 75.77 85.53 77.64 84.14 69.67 91.34 74.35 75.43 73.55 80.62 80.77

+ GCN 80.68 77.85 86.48 80.63 85.42 70.42 91.69 75.24 75.26 73.41 82.56 82.14

+ T-GCN 81.97 78.71 87.41 82.23 86.00 72.81 92.97 80.07 78.03 77.31 83.68 83.07

Table 5.11: Experimental results (accuracy and F1 scores) of using two encoders i.e., BERT-base and

BERT-large, with different configurations on six benchmark datasets. “GCN” refers to the normal

GCN model without using type-aware graph, attention mechanism as well as ALE. “S” and “P” refer

to the settings that the input is a single sentence and a sentence-aspect pair, respectively.

type information. Our model shows its superiority to the aforementioned studies since we not only

assign different weights to dependencies, but also comprehensively leverage the dependency parsing

results with both word relations and their dependency type information, as well as fined-grained

encoding results from multiple T-GCN layers.

Ablation Study

To explore the effectiveness of different components in our model, i.e., type-aware graph (TG),

attention (Att), and ALE, we conduct an ablation study based on our best model (i.e., T-GCN on

BERT-large encoder with sentence-aspect pair input). The experimental results on all datasets with

respect to using different combinations of such components are reported in Table 5.13, with the

results of the full model and the baseline with normal GCN illustrated on the first (ID: 1) and last row
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Models
Lap14 Rest16 Twitter MAMS

Acc F1 Acc F1 Acc F1 Acc F1

He et al. (2018a) 72.57 69.13 64.61 67.45 - - - -

He et al. (2018b) 71.15 67.46 85.58 69.76 - - - -

Du et al. (2019) 76.80 73.29 - - 75.01 73.81 - -

Mao et al. (2019) 75.84 72.49 - - 72.35 69.45 - -

Song et al. (2019) 79.93 76.31 - - 74.71 73.13 - -

Sun et al. (2019) 77.19 72.99 85.58 69.93 74.66 73.66 - -

Zhang et al. (2019a) 75.55 71.05 88.99 67.48 72.69 70.59 - -

Wang et al. (2020) 78.21 74.07 - - 76.15 74.88 - -

Tang et al. (2020) 79.8 75.6 91.9 79.0 77.9 75.4 - -

Ours 81.97 78.71 92.97 80.07 78.03 77.31 83.68 83.07

Table 5.12: Performance (accuracy and F1 scores) comparison of our best model (i.e., T-GCN and

ALE on large BERT with sentence-aspect pair input) with previous studies on all six benchmark

datasets. Models using dependency information are marked by “†”.

(ID: 8), respectively. Herein, models without ALE (ID: 4-6) use the output of the last T-GCN layer

(i.e., the third layer) to predict the sentiment polarity.

Here are some observations. First, it is clearly indicated in the results that the model performance

drops on all datasets if any component is excluded from the full model. This observation indicates

that all three components play important roles in our approach to enhancing ABSA; each one has its

unique contribution to the full model. Second, for each single component, compared with the results

from GCN baseline (ID: 8), the results from models with a particular module (ID: 5-7) demonstrate

that the attention mechanism is the most important one to improve model performance, where on all

datasets, the model (ID: 6) with attention outperforms the others. This observation complies with our

intuition because the attention directly guides the model to distinguish the contextual information to

the aspect words, so that informative words are highlighted so as to improve ABSA accordingly.
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Setting Lap14 Rest14 Rest15 Rest16 Twitter MAMS

TG Att ALE Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

1
√ √ √

81.97 78.71 87.41 82.23 86.00 72.81 92.97 80.07 78.03 77.31 83.68 83.07

2 ×
√ √

81.46 78.69 87.21 81.35 85.93 72.06 92.14 77.80 77.31 76.42 83.01 82.53

3
√

×
√

80.96 77.66 86.68 81.09 85.66 71.03 91.89 76.40 76.73 75.90 82.78 82.47

4
√ √

× 80.88 77.54 86.85 81.20 85.89 71.32 91.75 76.65 77.16 76.23 83.31 82.70

5
√

× × 80.79 77.42 86.50 80.42 85.65 70.50 91.45 75.64 76.15 75.28 83.16 82.76

6 ×
√

× 81.10 78.12 86.88 81.02 85.89 71.10 91.99 77.50 77.31 76.18 83.53 82.90

7 × ×
√

80.85 77.56 86.45 80.21 85.79 70.91 91.66 75.92 76.73 74.97 82.86 82.38

8 × × × 80.68 77.85 86.48 80.63 85.42 70.42 91.69 75.24 75.26 73.41 82.56 82.14

Table 5.13: Experimental results of ablation study on the six datasets, with different configurations

applied to our best model. ‘TG” refers to the type-aware graph; “Att” denotes the attention mechanism

in T-GCN; “ALE” stands for the attentive layer ensemble. “
√

” and “×” represent if a corresponding

component is used or not.

Impact of Different T-GCN Layers

Besides those components, we also investigate the effect of each layer when our model is trained on

different datasets. In doing so, we perform experiments on all datasets using our best-performing

model and use the weight (δ(l) in Eq. (5.14)) assigned to each T-GCN layer to identify the contribution

of them. The results are illustrated in Figure 5.13, with the weights for the 1st, 2nd, and 3rd T-GCN

layers drawn in blue, green, and orange bars, respectively.

We have the following observations. First, all layers contribute to the final prediction for ABSA,

which complies with our expectations and confirms the validity of leveraging the information from

all layers of GCN. Therefore, the model is able to provide comprehensive contextual information

comparing to that only uses the output from the last layer. Second, interestingly, as shown in the

histograms, for most datasets (i.e. Lap14, Rest14, Rest15, Rest16, and MAMS), the second layer of

T-GCN contributes the most among all three layers. A possible reason behind is that (1) the second

layer is able to encode contextual information from a larger range (because the edges in the first layer

only cover words with direct relations, while the second and third layers provide indirect relations,
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Figure 5.13: The histograms of weights assigned to different T-GCN layers (blue, green, and orange

bars refer to the weights for the 1st, 2nd, and 3rd layer, respectively) in ALE with respect to each

dataset.

i.e., second and third order dependencies in practice); (2) comparing to the third layer, the second

layer may introduce less irrelevant information from multi-word relations. Third, we also notice that

for Twitter, the weight distribution among three layers is rather different from the other datasets,

where the first and last layer contributes more to ABSA. This observation can be explained by that,

Twitter is social media data, where, in general, sentences in such data are short and less organized, so

that our model may require the information from either the local context or the entire sentence for

ABSA.

Case Study

To further illustrate the effectiveness of T-GCN on leveraging the information of dependency types

and weighting salient word relations for improving ABSA, we conduct a case study on using our

model to process the sentence “The food was OK but the service was so poor that the food was cold

by the time everyone in my party was served” from Rest16. In this sentence, there are two aspects

with contrast sentiment polarities, i.e., “food” and “service” have positive and negative sentiment

suggested by “OK” and “limited”, respectively.

To demonstrate the effectiveness of our model to process such sentence with conflict sentiments,

on the right part of Figure 5.14, we visualize weights (in green) assigned to the edges connected
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Figure 5.14: Visualization of the weights assigned to different edges and dependency types in each

T-GCN layer for an example sentence with two aspects (in red) in conflict sentiment polarities. The

edge and type weights (in blue) for “OK” in the first and second layer are illustrated on the left, while

such weights (in green) for “food” and ALE weights (in yellow) for each layer are illustrated on the

right. Deeper color refers to the higher weight.

to ‘food” from the attention in all T-GCN layers, and the ALE weights (in yellow) for each layer,

where deeper color refers to higher weight. For those edges, except for its self-connection, the edge

between “food” and “OK” receives the highest weight in every layer, and the second layer receives

the highest weight in ALE. Note that in this case, the reason why T-GCN works can be explained by

that, when there are more than two layers are used in a GCN model, the edges connecting to “OK”

also influence the ABSA results because indirect relations are introduced across layers. As a result,

the noisy connection between “OK” and “poor” may contribute to the prediction and the normal

GCN could possibly fail on this case because of lacking a mechanism to distinguish it from other

edges. Therefore, as shown in the left part of Figure 5.14, we also visualize the weights for edges

connecting to “OK” from the first and second T-GCN layers,35 where the informative word relations

and their dependency types receive much heavier weights than that for noisy ones. Moreover, it is

noticed that the dependency type for the edge between “OK” and “poor” is “conj” (conjunction),

35Note that we do not visualize the weights for “OK” in the third layer because its resulting hidden vector does not
contribute to the final sentiment prediction.
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which suggests that “poor” is syntactically parallel with “OK” and is thus less likely to provide

essential sentiment guidance for “OK”. Overall, this case study illustrates that our model successfully

identifies that “OK” is the most important contextual information to determine the sentiment for

“food”, with the help of dependency type and attention used in T-GCN, and also shows that the final

prediction relies on the contributions from different T-GCN layers.

5.4 Summary

In this chapter, we leverage a representative type of knowledge from toolkits, namely, the dependency

parse trees, to three tasks, namely, NER, RE, and ABSA, at the semantic and pragmatic levels. We

propose different approaches, namely, KVMN and T-GCNs for leveraging the knowledge with PLM.

The results demonstrate the effectiveness of the knowledge and the approaches for the tasks.
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Chapter 6

Using Pattern Knowledge

In this chapter, we present our research on utilizing pattern knowledge (i.e., vectors) learned

during the training process for challenging tasks, including multimodal sentiment analysis and

medical large language modeling. Through task-specific learning strategies with LLMs, we aim to

equip the models with abstract knowledge, thereby improving their capability to perform complex

NLP tasks.

6.1 Multimodal Sentiment Analysis

Multimodal content, such as image-text pairs, is widespread across diverse real-world scenarios such

as news, social media, and instant messaging (Kiela et al., 2020; Gomez et al., 2020; Li et al., 2022).

Generally, images and texts in multimodal messages intentionally create semantic misalignment,

generating irony, humor, or hateful expressions through non-compositional contrasts. These contrasts

allow combined information to convey meanings not explicitly present in either modality alone.

Current multimodal understanding approaches primarily focus on aligning visual and textual features

using advanced encoders (e.g., CLIP, Flamingo, FLAVA) and applying fusion operations such as

concatenation or attention-based alignment for downstream tasks, including hateful meme detection

(HMD) (Li et al., 2019; Radford et al., 2021; Goyal et al., 2022; Kumar and Nandakumar, 2022), a

representative task in multimodal sentiment analysis. However, these approaches typically struggle

to capture subtle hateful meanings arising explicitly from cross-modal contrasts. Efforts to improve



111

Figure 6.1: Three memes: (a) is hateful; (b) and (c) are not. Here, (a) and (b) share the same text, and

(a) and (c) share the same image. This example shows that a meme can be hateful even when neither

its image nor its text is.

multimodal tasks often rely on additional resources or ensemble learning strategies to enhance

generalization (Muennighoff, 2020; Lippe et al., 2020; Cao et al., 2023b), but these approaches

mostly neglect the critical role of cross-modal contrasts responsible for non-compositional semantics.

Therefore, a clear research gap remains regarding effective modeling and interpretation of cross-

modal contrast to achieve a comprehensive understanding of subtle hateful or ironic expressions

embedded within multimodal content.

To address this challenge, we propose an approach leveraging LLMs enhanced by a cross-modal

memory mechanism and reinforced contrast recognition (RCR) via self-rejection training. Our

cross-modal memorizing module explicitly captures and integrates contextual information across

modalities, while the RCR mechanism optimizes learning by encouraging the model to accurately

identify and interpret multimodal contrasts. Evaluations conducted on four benchmark datasets

demonstrate that our approach substantially outperforms strong baselines and previous multimodal

approaches. These results confirm the effectiveness of explicitly modeling multimodal contrasts

through memory-enhanced and reinforcement-based techniques, enabling superior performance

across tasks dependent on non-compositional multimodal semantics.
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Figure 6.2: The overall architecture of our approach using HMD as a demonstration example. The top

part illustrates our backbone model with cross-modal memory, and the bottom part shows the RCR

process. The workflow of collecting data and training the reward model is illustrated in orange arrows

in the RCR part. Then the trained reward model is used in the self-rejection training to optimize the

model, illustrated at the bottom right part. Visual encoding and cross-modal memory are shared by

the backbone model in the main process and the reward model training process, which is marked by

the boxes with dashed black lines.

6.1.1 The Approach

Figure 6.2 illustrates the framework of our approach, which follows the encoding-decoding paradigm

to perform multimodal classification, which predicts a label ŷ based on the image I and embedded

text X in a given pair (I,X ). It contains three essential components: the backbone model, the

cross-modal memory, and the RCR. The memory module is inserted in between the visual encoding

and LLM decoding in the backbone, illustrated at the top of Figure 6.2. The RCR, demonstrated

at the bottom of Figure 6.2, enhances the memory by enhancing the memory module with contrast
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information via self-rejection training, where an additional term is added to the loss function. In the

following subsections, we firstly illustrate the backbone model, then the cross-modal memory, and

finally present the RCR.

The Backbone Model

The encoding and decoding processes are two essential components in the backbone model. Specif-

ically, the visual encoding process (fve) extracts salient features from the input image and LLM

decoding (fd) utilizes the multimodal information to predict the final classification label ŷ.

Our visual encoder, following the procedure of BLIP2 (Li et al., 2023b), extract visual feature v

from the input meme V through

v = fve(V) (6.1)

For the LLM, we use the visual feature v and the contrast vector mx obtained from cross-modal

memorizing as soft prompts to instruct our LLM for final classification. Specifically, we feed v, mx,

as well as the original text X , into the LLM to determine the label ŷ, e.g., hateful or non-hateful if the

task is HMD. A prompt P is required to instruct the LLM to process the input and predict the label.

For example, we design a simple prompt, i.e., “The meme is ” for HMD, which instructs LLM to

fill in the blank with “hateful” or “non-hateful”.1 We feed v,mx, T , P into the LLM to predict the

class label ŷ of the input image-text pair following the standard classification process.

Cross-modal Memory

Memory mechanism is demonstrated to be effective in modeling task-related information (Song et al.,

2018b; Nie et al., 2020; Tian et al., 2022b, 2023) The memory module is designed to better fuse

multimodal features, where we use a memory matrix M, stacked with N memory vectors (denoted by

M = [m1, · · · ,mN ]) to record such feature fusion. Each memory vector is interpreted as a potential

aspect in a multimodal fusion that results in a particular type of information, e.g., hateful information

for the HMD task or contrast that causes humor. This module has three main components: text

encoding, memory ranking, and sampling.

1The prompt may change for different tasks.
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Text encoding obtains text representations to facilitate subsequent processes. We follow the

standard approach to use a word embedding matrix to map all words in the text T into their

corresponding word embeddings. Then, we compute the average of the embeddings of all words in

the input text and denote the resulting vector t as the text features.

Memory ranking locates relevant memory vectors according to the encoded multimodal infor-

mation and assigns appropriate scores to them. We concatenate visual and text features and obtain

the multimodal feature xvt = v ⊕ t. Then, we compute the score sn that measures the semantic

similarity between the n-th memory vector mn and xvt by

sn =
exp(xvt ·WM ·mn)∑N
n=1 exp(xvt ·WM ·mn)

(6.2)

where WM is a trainable parameter matrix to align mn and xvt. Finally, we rank all memory vectors

in descending order based on their scores and select the top N ′ vectors (denoted as mn1 · · ·mnN′ )

as the relevant vectors for later processing.

Memory sampling further processes memory vectors and outputs a vector mx that carries the

essential multimodal fusion information between visual and text features for later steps. In detail,

we normalize the scores of the relevant vectors and randomly select K vectors from mn1 · · ·mnN′

(repetition of the same vector is allowed) based on their scores, where higher scores lead to better

chance to be selected. We then average the selected vectors and obtain the output contrast vector mx

by

mx =
1

K

K∑
k=1

snk
mnk

(6.3)

where snk
is the score for mnk

obtained by Eq. (6.2) and mx is used as input in LLM decoding.

Reinforced Contrast Recognition

The goal of RCR is to help the cross-modal memory module in producing a better mx. However,

we do not have a gold standard for mx. Therefore, we need to create a silver standard m∗
x and add

the difference between mx and m∗
x to the loss function. To create m∗

x, we propose to use a reward

model to select m∗
x from a candidate list m1

x, · · · ,mL
x . In order to generate the candidate list, we

repeat the sampling and averaging process illustrated in Eq. (6.3) for L times and obtain a list of

different vectors m1
x · · ·mL

x . Specifically, there are three main steps in RCR: reward model training
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data collection, reward model training, and self-rejection training. In the first and second steps, we

collect data and train a reward model to rank m1
x · · ·mL

x based on their effectiveness in representing

the contract information between multiple modalities. Then we perform self-rejection training by

using the most effective contrast vector m∗
x to optimize mx so that mx is trained to be closer to m∗

x.

Details are presented as follows.

Reward Model Training Data Collection The goal of the reward model is to assess whether the

encoded vectors from the memory module contain contrast information, and we collect positive

and negative examples to train it. Therefore, we rely on the training examples for a running task

that is based on such contrast (e.g., HMD) to serve as positive examples; then take the ordinary

(image, caption) pairs from image captioning tasks as negative examples since the images and their

corresponding captions generally share similar semantics. As a result, we randomly select instances,

i.e., image-text pairs (Vr, Tr), from the training data of particular tasks as a positive example. Then

we generate captions Cr for images Vr using an off-the-shelf image captioning toolkit and combine

with their image to form negative examples (Vr, Cr).

Reward Model Training In training the reward model, we apply the same visual encoding and

the memory module in our approach to compute the contrast vectors for the positive and negative

samples by vpos
m = fm(fve(Vr), T ) and vneg

m = fm(fve(Vr), C), where vpos
m and vneg

m denote the

positive and negative contrast vectors, respectively, and fm means the memory module. Finally,

we feed vpos
m and vneg

m to the reward model fr, which is a multi-layer perceptron, and compute the

reward (denoted as rpos and rneg, respectively) for the vectors by rpos = sigmoid(fr(v
pos
m )) and

rneg = sigmoid(fr(v
neg
m )), and compute the loss Lr to optimize the reward model by

Lr = −log(rpos)− log(1− rneg) (6.4)

Self-rejection Sampling In this step, we use the reward model to reject ineffective vectors and

choose the best one m∗
x to improve mx, which is similar to the process used in Touvron et al. (2023b).

In doing so, we feed all memory sampled vectors m1
x · · ·mL

x to the reward model fr and compute

the reward for each of them, and select the vector m∗
x with the highest reward score and use it as the

gold standard to assess whether a sampled vector from the memory module is good enough to carry
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HMC Memotion7k MultiOFF Memeplate

Train Dev Test Train Test Train Dev Test Train Dev Test

# of Meme 8,500 500 1,000 6,992 1,879 445 149 149 3,746 700 738

Avg. Tokens Per Meme 11.7 10.2 10.4 14.7 15.7 41.4 45.2 47.0 20.3 20.4 20.0

Table 6.1: Statistics of experiment datasets, where the number of meme and the average number of

tokens (i.e., words for English and characters for Chinese) for each meme are reported.

essential task-specific contrast information for final classification. Finally, we compute the loss

LSRT = |m∗
x −mx| (6.5)

and add it to LCE to get the final loss L = LCE + LSRT to update the entire framework.

6.1.2 Experiment Settings

Datasets

For our experiments, we employ three English datasets, namely, hateful meme challenge (HMC)

dataset (Kiela et al., 2020), Memotion7K (Sharma et al., 2020), and MultiOFF (Suryawanshi et al.,

2020), and one Chinese dataset named Memeplate (Li et al., 2022). These datasets cover a wide range

of tasks that require modeling of contrasts. Specifically, HMC is for HMD. Memotion7k contains

three tasks: sentiment classification (T1), humor classification (T2), and scales of semantic classes

(T3). MultiOFF is designed for detecting offensive content from image-text pairs. Memeplate is

for multimodal humor recognition. We use the official training, development, and test data split of

all datasets. Herein, for HMC, we follow the convention of most existing studies (Radford et al.,

2021; Singh et al., 2022; Cao et al., 2023b; Koutlis et al., 2023) to evaluate model performance on

the development set. The statistics of the datasets are reported in Table 6.1, where the number of

memes and the average number of tokens (i.e., words for English and characters for Chinese) for

each meme are presented.
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HMC Memotion7k MultiOFF Memeplate

ACC AUROC T1 T2 T3 Acc F1 ACC F1

GPT-2 73.28±0.20 83.01±0.22 35.09±0.24 47.58±0.20 32.10±0.19 68.32±0.24 61.67±0.23 53.37±0.19 47.09±0.23

+M 74.00±0.25 83.81±0.20 35.50±0.20 48.11±0.23 32.85±0.26 68.94±0.20 62.48±0.21 54.37±0.26 47.76±0.22

+RCR 74.52±0.22 84.56±0.20 36.12±0.19 48.64±0.19 33.48±0.23 69.53±0.21 63.05±0.21 55.10±0.26 48.86±0.24

+M+RCR ∗75.08±0.23
∗84.91±0.20

∗38.06±0.21
∗50.01±0.21

∗34.57±0.22
∗71.58±0.25

∗64.02±0.19
∗55.86±0.22

∗49.75±0.25

LLM 76.20±0.26 84.44±0.23 37.48±0.21 49.75±0.21 33.76±0.23 71.51±0.20 64.87±0.23 54.38±0.25 47.97±0.22

+M 76.56±0.22 84.84±0.25 38.82±0.20 50.80±0.23 34.83±0.25 72.11±0.20 65.94±0.23 55.12±0.21 48.70±0.28

+RCR 77.01±0.22 85.40±0.25 40.82±0.23 51.40±0.22 35.61±0.25 73.18±0.26 67.72±0.22 55.86±0.23 49.39±0.20

+M+RCR ∗77.88±0.24
∗86.34±0.23

∗41.56±0.21
∗52.73±0.21

∗35.88±0.24
∗74.09±0.20

∗68.43±0.21
∗56.52±0.20

∗50.21±0.21

Table 6.2: The average and standard deviation of the performance from various models on benchmark

datasets. “GPT-2” and “LLM” stand for BLIP2 baseline models use small and large language models,

respectively. “+M” and “+RCR” refer to that the memory module and the RCR are used on top of the

baselines, respectively. Results marked by ∗ means that the improvements are statistically significant

at p ≤ 0.05 level over all baselines.

Baselines

We run baselines with small language models and LLMs as the backbones following the BLIP2 (Li

et al., 2023b) architecture. For small language models, we employ GPT-2 (Radford et al., 2019). For

LLMs, we use MiniGPT-4 (which is demonstrated to be effective in many multimodal tasks) for

English and use Ziya-BLIP2-Visual (Zhang et al., 2022a) for Chinese processing. Based on small

and large models, our experiments include three baselines. The first is the vanilla BLIP2 with small

and large language models. The second baseline (i.e., “+M”) adds the proposed memory module on

top of the first one. The third baseline (i.e., “+RCR”) adds reinforced contrast recognition (RCR) on

top of the first one. We concatenate visual and text features and use the resulting vector (i.e., xvt) to

represent the contrast vector (i.e., mx) and randomly set 33% values in mx to zero to facilitate RCR

training.
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Implementation Details

We use the default settings of BLIP2 (with GPT-2), MiniGPT-4, or Ziya-BLIP2-Visual, which contain

visual encoding and LLM decoding processes. For the visual encoding process, we follow the

standard architecture using visual transformer and Q-Former, which contain 40 and 12 layers of

multi-head attentions, respectively. For the LLM decoding process, the LLMs in BLIP2 (with GPT-2),

MiniGPT-4, and Ziya-BLIP2-Visual utilize 12, 32, and 40 layers of Transformers, respectively.

In training our approach, we alternate between the following two procedures for every 100 steps:

(1) updating the parameters of different components in visual encoding, memory module, and LLM

using the cross-entropy loss from comparing the predicted labels with gold standards and (2) updating

the reward model and the memory module through RCR.2 For evaluation, we follow existing studies

(Kiela et al., 2020; Li et al., 2022; Cao et al., 2023b; Koutlis et al., 2023) to use accuracy and AUROC

for HMC, accuracy and F1 for MultiOFF, F1 for Memotion7K, and accuracy and F1 for Memeplate.

For the hyper-parameters, we set the numbers of memory vectors (i.e., N ) to 200 for HMC and 150

for other datasets. For all datasets, we use 20 as the memory sampling size (i..e., K), and 4 as the

sampling time L. We set learning rate to 1×10−6 with a batch size of 32. For other hyper-parameters,

we tune them on the development set3 and select the ones with the best performance to train models

and evaluate them on the test sets. We run all models five times using different random seeds and

report the average and standard deviation of their performance.

6.1.3 Results and Analysis

Overall Performance

The average performance with standard deviations of baselines and our approach for all datasets

under different settings are reported in Table 6.2, with following observations. First, overall, our

approach (i.e., +M+RCR) outperforms the vanilla BLIP2 (GPT-2), MiniGPT-4, and Ziya-BLIP2-

Visual baselines, which indicates the effectiveness of our approach to learning contrast information for

different tasks. Second, when the memory (i.e., “+M”) or the RCR module (i.e., “+RCR”) is added to

2For the third baseline with RCR (i.e., +RCR), we update the parameters of visual encoding and the token embeddings
of the input text during training, so as to appropriately work with the absence of the memory module.

3For HMC, we randomly select 10% of the training data and use it to tune hyper-parameters.
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ACC AUROC

Muennighoff (2020) - 81.56

Velioglu and Rose (2020) 70.93 75.21

Lippe et al. (2020) - 77.39

Radford et al. (2021) - 77.30

Goyal et al. (2022) - 73.40

Kumar and Nandakumar (2022) - 81.55

Singh et al. (2022) - 76.70

Cao et al. (2023a) 72.28 80.87

Koutlis et al. (2023) 73.60 80.10

Cao et al. (2023b) 72.98 82.45

†△Liu et al. (2023) 76.20 84.57

Ours 77.88 86.34

Table 6.3: Comparison of the average performance of our approach with the existing studies on the

development set of HMC. “†” means the results are our own runs using their multimodal approaches.

“△” indicates that LLMs are used to predict labels. The markups are the same for following tables.

the vanilla baseline, improvements are all observed, which is the evidence for the effectiveness of each

individual module in capturing contrast between visual and textual data, thereby enhancing model

performance.4 Third, when comparing “+M” and “+RCR”, we find that RCR consistently exhibits

superior performance across various configurations, underscoring the advantage of discriminatively

learning the contrast information. Fourth, our full model that integrates both the memory and RCR

outperforms all baseline models, demonstrating the effectiveness of complementing each other.

We further compare our approach with existing studies for HMC, Memotion7K, MultiOFF, and

Memeplate in Table 6.3-6.6, where the results demonstrate state-of-the-art performance. Particularly,

our approach outperforms the ones that use advanced pre-trained models for image and text processing

(Kumar and Nandakumar, 2022; Singh et al., 2022; Koutlis et al., 2023). The reason is that, these

4With the training data from particular tasks that contains such contrast, the memory module is also able to learn that
information as that performed in the RCR process.
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T1-F1 T2-F1 T3-F1

Keswani et al. (2020) 35.5 - -

Vlad et al. (2020) 34.5 51.8 31.7

Guo et al. (2020) 35.2 51.5 32.3

Kumari et al. (2021) 36.8 - -

†Ouaari et al. (2022) 35.3 - -

Zhang et al. (2022b) 36.6 46.9 -

Zhong et al. (2022) 37.0 - -

Koutlis et al. (2023) 39.6 51.9 34.3

Ours 41.56 52.73 35.88

Table 6.4: Performance comparison of different models on the test set of three tasks on Memotion7k

dataset.

multimodal models generally perform the HMD, multimodal sentiment analysis, offensive content

detection, and humor recognition in the same way as image captioning, therefore not focus on

the contrast across modalities whereas image captioning emphasizes the content shared by these

modalities. Compared with these studies, the performance of our approach on all tasks confirm the

validity of explicitly learning contrast rather than shared semantics.

Effect of the Memory Module

Since the memory module serves as a key component that records essential multimodel features

and the pivot receiving optimized signal from RCR, it is of great importance to investigate its

effect on model performance. Specifically, we explore the effect of the number of memory vectors

N and run LLM-based models on HMC and Memeplate datasets5. The performance (y-axis)

of models with respect to the value of N (x-axis) is illustrated in Figure 6.3. There are several

observations. First, for both datasets, when the value of N is small, increasing its value brings

significant enhancement to model performance. This observation is intuitive in that more memory

5We select the two representative datasets for different languages and tasks, one for English HMD and the other for
Chinese humor recognition.
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ACC F1

Lee et al. (2021) - 64.6

Zhong et al. (2022) - 67.1

Koutlis et al. (2023) 68.5 62.5

Ours 74.09 68.43

Table 6.5: Comparison of different models on the test set of MultiOFF dataset.

ACC F1

†Yang et al. (2022) 52.57 46.21

†△Yang et al. (2023) 55.43 48.80

†△Hu et al. (2023) 55.08 48.97

†△University (2023) 55.76 49.49

Ours 56.52 50.21

Table 6.6: Performance comparison of different models on the test set of Memeplate dataset.

vectors provide a larger parameter space to comprehensively accommodate enough information

between multiple modalities and thus lead to better performance. Second, when the value of N is

high, the performance improvement brought by the increase of N is moderate. This indicates that

when the number of memory vectors reaches a certain point, no more useful contrast information for

the task is leveraged and thus results in less improvements.

In addition, we investigate the effect of the memory module when it works with RCR by replacing

the memory module with other widely used architectures, namely, outer product operation (OP) and

co-attention (Co-Att) (Lu et al., 2016). Specifically, for OP, we firstly obtain the visual feature v and

text features t using the same process as our approach. Then, we compute the outer product of v

and t, and flatten the resulting matrix into a vector to represent the contrast vector mx. For Co-Att,

we apply co-attention to fuse v and t and regard the output as mx. The results for different datasets

are reported in Table 6.7. It is observed that their performance is worse than the performance of our

approach with memory, which confirms the effectiveness of our approach in leveraging the memory
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Figure 6.3: Curves of model performance on HMC and Memeplate with respect to different numbers

of memory vectors used in the memory module.

HMC Memotion7k MultiOFF Memeplate

ACC AUROC T1-F1 T2-F1 T3-F1 ACC F1 ACC F1

OP 76.44±0.18 84.86±0.22 39.42±0.22 50.67±0.21 34.68±0.22 71.97±0.20 65.90±0.18 55.11±0.18 48.62±0.22

Co-Att 76.63±0.21 84.98±0.22 39.67±0.20 50.93±0.22 34.77±0.21 72.20±0.22 66.12±0.24 55.21±0.20 48.89±0.22

M ∗77.88±0.24
∗86.34±0.23

∗41.56±0.21
∗52.73±0.21

∗35.88±0.24
∗74.09±0.20

∗68.43±0.21
∗56.52±0.20

∗50.21±0.21

Table 6.7: Experiment results of different models using LLMs and RCR, where the memory module

in our approach is replaced by two widely used approaches for multimodal feature fusion, namely,

outer product operation (OP) and Co-attention mechanism (Co-Att). The performance of memory

(M) with RCR is also presented for reference.

and RCR for multimodal classification tasks that require contrast information modeling.

Case Study

We also investigate three similar memes for qualitative analysis for multimodal sentiment analysis.

The images and texts with their predictions from different models, as well as the gold standard, are

illustrated in Figure 6.4, where (a) and (b) have the same texts; (a) and (c) use the same image.

As a result, (a) conveys a negative sentiment polarity, while (b) and (c) have positive polarities.

The predictions that match and do not match the gold standard are highlighted in green and red

colors, respectively. By investigating the results, we observe that the three baselines struggle to
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Figure 6.4: Demonstration of three memes for multimodal sentiment analysis with the polarities

predicted by different models. The gold standard sentiment labels of all memes are also presented.

The model produced labels that match the gold standard and the labels that do not match are

highlighted in green and red colors, respectively.

predict sentiment labels that match the gold standards for all memes, whereas our approach is able to

accurately identify sentiment polarities of all memes. A possible reason is the following. Negative

sentiment polarities are generally derived from the contrast between multiple modalities. The

baselines have limitations that prevent them from learning such contrast, either lacking a particular

mechanism to do so or being equipped without effective guidance. In contrast, RCR or Memory+RCR

provide enough information to learn such contrast and thus help our approach to correctly analyze its

sentiment polarity.

6.2 Medical Large Language Modeling

NLP plays an important role in improving medical intelligence by processing text data that serves as

the main medium for information analysis. PLMs serve as the basis for many NLP tasks and achieve

state-of-the-art performance (Song et al., 2018b,c; Devlin et al., 2019; Yang et al., 2019; Diao et al.,

2020; Lewis et al., 2020a; Raffel et al., 2020; Brown et al., 2020; Song et al., 2021). These approaches
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Question
我怀孕37周，肠子一直呼噜呼噜叫感觉像是在里面灌水，上厕所拉稀和喷水一样，一天上厕

所5次，对孩子有啥影响，应该怎么办？回答要简单明了。
I am 37 weeks pregnant, and my intestines are constantly grunting, and it feels like I am filling it with water.

Going to the toilet has loose stools and sprays water. I go to the toilet 5 times a day. How will it affect the

baby? What should I do?

GPT-4
很抱歉听到您的不适。您描述的症状可能是肠胃道感染或其他肠道问题。简要地说：对孩子的影

响：轻度的腹泻通常不会直接伤害到胎儿，但持续的腹泻可能导致脱水，这对您和孩子都不好。脱

水可能会导致宫缩，这可能早产。应该怎么办：马上咨询医生或者去医院。确保饮用足够的水分以

防止脱水。避免摄入任何可能导致腹泻的食物或饮料。建议您尽快咨询医生以得到专业的医疗建

议。

I’m sorry to hear about your discomfort. The symptoms you described might be related to a gastrointestinal

infection or other intestinal issues. In brief: Impact on the child: Mild diarrhea usually won’t directly

harm the fetus, but persistent diarrhea might lead to dehydration, which isn’t good for both you and the

child. Dehydration can cause contractions, which might result in preterm labor. What to do: Consult a

doctor immediately or go to the hospital. Ensure you drink enough fluids to prevent dehydration. Avoid

consuming any foods or drinks that might cause diarrhea. It’s recommended that you seek medical advice

from a professional as soon as possible.

ChiMed-GPT
考虑是腹泻现象，容易诱发子宫收缩出现早产症状，可以在医生的指导下服用黄连素，思密达等治

疗，同时注意多喝水，饮食要清淡，禁食生冷刺激食物。

It is considered to be diarrhea, which can easily induce uterine contractions and cause symptoms of premature

labor. You can take berberine, Smecta and other treatments under the guidance of a doctor. At the same time,

pay attention to drinking more water, eating a light diet, and fasting away from raw and cold stimulating

foods.

Table 6.8: An example shows that the general domain GPT-4 fails to provide a satisfying answer to a

medical inquiry, compared with the proposed ChiMed-GPT in this thesis that provides an informative

and authentic response. Note that English translations are not a part of the input and output, where

they are given for better illustration.
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Figure 6.5: An illustration of the overall training process of the ChiMed-GPT, which consists of

three stages, including pre-training, supervised fine-tuning, and reinforcement learning from human

feedback (RLHF).

use a pre-training and fine-tuning paradigm that requires a large volume of labeled medical data and

restricts the models to specific tasks, which limits their application to new scenarios. The emergence

of LLMs such as GPT-3.5, GPT-4 (OpenAI, 2023), and open-sourced alternatives including Alpaca

(Taori et al., 2023a), Vicuna (Chiang et al., 2023), and Ziya (Zhang et al., 2022a) initiates a paradigm

shift by offering unified solutions for various tasks. However, most high-performing LLMs receive

training on general domain data and struggle in specialized fields such as medicine. One example

in Figure 6.8 shows that GPT-4 provides an unsatisfactory response to a healthcare question, while

a model trained in the medical field delivers better answers. Researchers develop medical LLMs

such as BioMedLM (Venigalla et al., 2022), BioGPT (Luo et al., 2022), MedAlpaca (Han et al.,

2023), ChatDoctor (Li et al., 2023c), Baize-healthcare (Xu et al., 2023a), Med-PaLM-2 (Singhal

et al., 2023), to reduce the knowledge gap. Many of these models remain closed source, and publicly

available ones face challenges in data diversity, training procedures, and model configuration.

In this thesis, we propose ChiMed-GPT, a benchmark LLM for Chinese medical text processing.

We train a general model, Ziya-13B-v2 (Gan et al., 2023), using extensive medical data and a complete

training process that includes pre-training, supervised fine-tuning (SFT), and reinforcement learning
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Stage Dataset # of Instances # of Tokens Storage Size

Pre-training CMD (Pre-train) 369,800 214M 603MB

SFT

ChiMed 200,744 84M 252MB

CMD (SFT) 1,015,000 460M 1,400MB

MC 44,983 17M 50MB

MedDialog 9,060 3M 9MB

Rejection Sampling CMD (Reward) 4,000 1M 3MB

Table 6.9: Statistics of the dataset used in training ChiMed-GPT under different stages. Note that

the term “instance” refers to documents for CMD (Pre-train), QA pairs for ChiMed, CMD (SFT),

MC, and dialogue cases for MedDialog. Differently for CMD (Reward), each instance is a (question,

accepted answer, rejected answer) tuple.

from human feedback (RLHF). Our approach applies data augmentation to produce high-quality

human preference data and uses rejection sampling fine-tuning for efficient learning. The training

data comes from medical articles and doctor-patient interactions. We integrate safety data to yield

appropriate responses. The model performs well on information extraction, question answering, and

dialogue generation.

6.2.1 The Approach

ChiMed-GPT is built on Ziya-13B-v2 (Gan et al., 2023), whose architecture follows the standard

Transformer (Vaswani et al., 2017) decoder with 13 billion parameters and is pre-trained on 600 billion

Chinese and English tokens, guaranteeing a superior Chinese text processing capability. Particularly,

Ziya-13B-v2 also extends the context length to 4,096 tokens, which enables our requirement for

better context processing with ChiMed-GPT. The overall architecture and training procedure of

ChiMed-GPT are illustrated in Figure 6.5, which consists of three stages, namely, pre-training, SFT,

and RLHF, where training details (i.e., datasets and implementation) for each stage are illustrated in

the following subsections.
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Pre-training

We adopt the pre-training subset of the Chinese Medical Dataset (CMD)6 (Xu, 2023) to continu-

ally pre-train Ziya-13-v2 for ChiMed-GPT, with its statistics presented in Table 6.9. This subset

encompasses two parts, where the first comprises a total of 369,800 documents originating from

medical encyclopedia data, while the second includes 8,475 articles sourced from medical textbooks,

corresponding to 214 million tokens. Given its rich medical content, CMD (pre-train) proves highly

appropriate for pre-training models. For implementation, our pre-training follows the standard

paradigm, where the objective is to predict the next token of the input text based on the existing

input history. Following existing studies (Radford et al., 2019), we use byte-pair encoding (BPE)

(Sennrich et al., 2015) as the tokenizer and use the same vocabulary as that used in Ziya-13B-v2.

AdamW (Loshchilov and Hutter, 2017) is adopted as the optimizer with its hyper-parameters set

to β1 = 0.9, β2 = 0.95. The initial learning rate is set to 5× 10−5 with a weight decay of 0.1 and

gradient clipping of 1.0. We utilize the framework of Megatron-LM (Shoeybi et al., 2019) to perform

distributed training with the number of tensor parallelisms set to two for efficient training. We also

utilize other efficient training techniques, including BF16 mixed-precision training (Micikevicius

et al., 2017), ZeRO (Rajbhandari et al., 2020), and flash-attention (Dao et al., 2022) to optimize GPU

memory cost during training.

Supervised Fine-tuning

Recent studies have underscored the critical role of SFT in shaping the intelligence capabilities of

LLMs (Ouyang et al., 2022; Zhang et al., 2022a; Taori et al., 2023a; Chiang et al., 2023), where the

quality and diversity of SFT data hold paramount importance in this process (Touvron et al., 2023a).

To enhance the model’s capability to understand human instructions (e.g., asking for healthcare

suggestions) in real-world medical settings, we also have a strong SFT process that utilizes QA and

dialogue data (including ChiMed (Tian et al., 2019), CMD (SFT), Chinese medical dialogue dataset

(MC) (Song et al., 2020), and MedDialog) between doctors and patients, whose statistics are reported

in Table 6.9. Note that we preprocess all data to remove redundancy as well as personal information

in them to address privacy concerns.

6https://huggingface.co/datasets/shibing624/medical
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With these datasets, the standard SFT approach is employed to optimize our model, where prompt-

response pairs are constructed from these data for effective training. In detail, for question-answer

data, we directly utilize the question as the prompt and the corresponding answer as the response; for

dialogue data, we combine the dialogue history and the patient’s latest utterance as the prompt and

regard the answering utterance from the doctor as the response. Example prompts and responses are

illustrated in Table 6.10. We also adopt a special dataset named Safety-Prompts (Sun et al., 2023)

that consists of 100K desired and appropriate responses (e.g., refuse-to-answer instances) to toxic

prompts, which allows LLMs to learn how to correctly address harmful input. In SFT, we train

ChiMed-GPT on the union of all aforementioned datasets, where we feed prompts into ChiMed-GPT,

compute the cross-entropy loss by comparing its produced responses with gold standard annotations,

and then perform full-parameter updating with the loss. For efficient SFT, we follow existing studies

to concatenate short prompt-response pairs to form a long input text to better utilize the maximum

sequence length of ChiMed-GPT, where the boundaries of different pairs are marked by special

tokens. For hyper-parameters, we set the learning rate and the weight decay to 2 × 10−5 and 0.1,

respectively, and use a batch size of 16.

RLHF

We perform RLHF through rejection sampling following Llama-2, with two steps: reward model

training and rejection sampling fine-tuning.

For reward model training, we adopt CMD (Reward), the reward subset of CMD, as the dataset

in learning the reward model, with its statistics illustrated in Table 6.9. Specifically, CMD (Reward)

comprises 4K instances, which are split into train, validation, and test sets containing 3,800, 100,

and 100 instances, respectively. Each instance has a question sampled from the CMD (SFT) dataset

accompanied with one accepted and one rejected answer, where the accepted answer is provided by

a doctor and the rejected one is produced by a Chinese medical LLM named BenTsao. Different

from previous studies (Xu, 2023), we make further efforts to augment CMD (Reward) with two

additional intermediate responses extracted from GPT-4 and GPT-3.5-Turbo7 rather than directly

apply it to train our reward model, which therefore should better align with human preference so

7We feed the prompt in each instance from CMD (Reward) to GPT-4 and GPT-3.5-Turbo and obtain their responses
and add them back into the original instance accordingly.
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Prompt

假设你是一名医生，请回答患者的问题。

我想问如何避免牙龈肿痛。我最近天天吃的火锅，可能上火了，牙龈又肿又痛，最后一颗牙齿上长

了很大一个泡，不能吃东西，不敢张嘴，张开嘴巴就痛，还总流口水。我在药店买了消炎药在吃，

效果不是很明显。

Suppose you are a doctor and answer a patient’s question.

I would like to ask how to avoid swollen gums. The hot pot I ate every day recently may have caught fire. My

gums were swollen and painful. I had a big blister on my last tooth. I couldn’t eat. I bought anti-inflammatory

drugs at the drugstore and took them, but the effect was not obvious.

Response

你好。牙龈肿痛的原因很多，一般都是牙周炎症引起的，牙周炎需要及时治疗，以免造成牙龈萎

缩，牙齿过早脱落。如果肿痛厉害建议去医院做个检查，祝你健康。

Hello. There are many reasons for gingival swelling and pain, generally caused by periodontal inflammation.

Periodontitis needs to be treated in time to avoid gingival recession and premature tooth loss. If the swelling

and pain are severe, it is recommended to go to the hospital for an examination. I wish you health.

Table 6.10: An example medical prompt and its response, where English translations are given for

better illustration.

that it further minimizes the risk of ChiMed-GPT generating inappropriate contents in addition to

the Safety-Prompts used in SFT. With the four responses, we re-rank them in the following order:

positive answer, GPT-4’s response, GPT-3.5-Turbo’s response, and negative answer, by assuming that

the answer from the doctor is the best alignment with human preference; GPT-4 is able to generate

better content than GPT-3.5-Turbo; and then the last choice from other LLMs. Subsequently, we

pair every two adjacent responses in the rank list and regard the one with a higher rank as a positive

sample and the other as a negative sample, with the reward model trained on each positive-negative

sample pair. For hyper-parameters, we train the reward model for two epochs with the batch size set

to 8. The learning rate follows a cosine schedule, gradually decreasing to 10% from 5× 10−6. We

employ a warm-up stage that encompasses 3% of the total step count, with a minimum threshold of 5

steps.

Once the reward model is obtained, rejection sampling fine-tuning aligns the model output with
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Models CCKS-2019 ChiMST

GPT-3.5-Turbo 31.42 32.15

GPT-4 41.37 41.25

Ziya-v1 25.31 22.26

Ziya-v2 27.84 25.76

Baichuan 24.14 21.20

Taiyi 30.90 30.55

MedicalGPT (Z) 29.59 28.12

MedicalGPT (B) 23.80 26.16

ChiMed-GPT 40.82 41.04

Table 6.11: The F1 scores of different models on the information extraction (NER) task w.r.t two

datasets under five-shot setting. MedicalGPT (Z) and MedicalGPT (B) denote different versions of

MedicalGPT that use Ziya-v1 and Baichuan as the base model, respectively. Boldface is added to the

results from the best-performing open-source LLMs.

human preferences through the following procedure. We firstly randomly sample 10K prompts from

the SFT data and feed them to our ChiMed-GPT. Then we employ the reward model to assign scores

to the outputs generated from the last step. Afterwards, we rank the texts produced by the LLM

based on their scores and select the top-k responses, which are regarded as gold standards to further

fine-tune our LLM. When learning through rejection sampling, we apply the AdamW optimizer with

β1 = 0.9, β2 = 0.95, and ϵ = 10−5. We employ a learning rate of 10−5 with a 0.1 weight decay and

perform rejection sampling fine-tuning for 400 iterations with batch size set to 64. Following the

same settings in pre-training, we perform distributed training and related efficient tuning techniques

to optimize the process of both reward model training and rejection sampling fine-tuning.
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Models
C-Eval CMMLU MedQA ChiMed

Acc. Acc. Acc. B-1 B-2 R-1 R-2 R-L

GPT-3.5-Turbo 56.58 49.91 44.50 33.61 28.27 26.51 7.13 16.63

GPT-4 71.29 69.55 67.99 39.15 32.85 26.61 7.31 16.84

Ziya-v1 36.59 29.07 12.50 6.18 5.77 18.59 3.94 12.66

Ziya-v2 39.02 49.06 13.00 38.41 31.90 26.91 7.90 18.67

Baichuan 41.46 45.28 13.00 5.81 5.25 16.91 3.01 11.30

Taiyi 48.78 45.20 39.20 11.73 9.96 21.76 5.26 15.46

MedicalGPT (Z) 48.78 34.56 25.99 39.02 32.35 26.76 8.10 18.16

MedicalGPT (B) 39.02 43.82 18.50 5.82 5.26 16.61 2.94 11.11

ChiMed-GPT 68.29 52.92 44.50 44.58 37.22 27.11 8.89 19.86

Table 6.12: Performance comparison of different LLMs on multi-choice and open-ended QA datasets,

where we only use medical-related subsets for C-Eval and CMMLU, and the Chinese subset for

MedQA. We run five-shot settings on C-Eval, CMMLU, and MedQA, and zero-shot settings on

ChiMed. “Acc”, “B”, and “R” are abbreviations denoting accuracy, BLEU, and ROUGE, respectively.

6.2.2 Results and Analysis

Following existing studies, we evaluate ChiMed-GPT under zero- and few-shot settings, and report

the results on three tasks, namely, information extraction, QA, and multi-turn dialogues.8 In the

zero-shot setting, we prompt LLMs with a description of the task and a test instance; in the few-shot

setting, we add five task instances with gold standard labels to the prompt, which are inserted

between the description and the test instance to guide the evaluation. We compare ChiMed-GPT with

baselines from the general and medical domains, including GPT-3.5-Turbo, GPT-4, Ziya-v1, Ziya-v2,

Baichuan, as well as Chinese medical LLMs Taiyi9 and MedicalGPT.10 Herein, GPT-3.5-Turbo and

8For every experiment, we run it five times and report the average performance.
9https://github.com/DUTIR-BioNLP/Taiyi-LLM.

10We only select representative Chinese medical LLMs in our comparison on benchmark datasets in the evaluation tasks.
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Question

最近总熬夜，请问如何避免牙龈肿痛？ I’ve been staying up late lately. How can I avoid swollen gums?

BenTsao

你好，避免牙龈炎需要做好个人卫生护理。

Hello, to avoid gingivitis, you need to take good personal hygiene care.

MedicalGPT (Z)

牙龈肿痛可能是由于牙龈炎或牙周病引起的，预防措施包括：保持口腔卫生，定期刷牙和漱口，使

用牙线清除牙缝间的残留物，戒烟限酒，控制血糖和血压，保持充足的睡眠和休息，定期去医院检

查牙齿。

Swollen and sore gums may be caused by gingivitis or periodontal disease. Preventive measures include:

maintaining oral hygiene, brushing and rinsing regularly, using dental floss to remove residue between teeth,

quitting smoking and limiting alcohol, controlling blood sugar and blood pressure, maintaining Get enough

sleep and rest, and go to the hospital regularly to check your teeth.

MedicalGPT (B)

你好，你这是慢性牙周炎的表现，是由于平时口腔卫生不好，细菌滋生导致的，建议平时注意口腔

卫生，不吃辛辣刺激食物，戒烟酒，定期洗牙。

Hello, this is a symptom of chronic periodontitis, which is caused by poor oral hygiene and the growth of

bacteria. It is recommended to pay attention to oral hygiene, avoid eating spicy food, quit smoking and

drinking, and clean your teeth regularly.

ChiMed-GPT

由于经常熬夜,牙齿没有得到充分休息,导致牙龈受到经常性刺激,促使牙龈出现疼痛.因此,在平时生

活中,要保持牙齿清洁,定期到医院进行洗牙,先预防出现牙龈感染。

Because you often stay up late, your teeth do not get adequate rest, which causes constant irritation of the

gums, causing gum pain. Therefore, in daily life, you must keep your teeth clean and go to the hospital for

regular teeth cleaning to prevent gum infections in the first place.

Table 6.13: Answers produced by different models, followed with English translations.



133

GPT-4 are state-of-the-art general domain LLMs that are accessible by OpenAI API; Ziya-v1 is

an open-sourced Chinese general LLM that achieves outstanding performance on many NLP tasks

and some domain-specific LLMs are developed upon it (e.g., MedicalGPT). Ziya-v2 is an upgraded

version with larger training data and context length, on which our ChiMed-GPT is built. Baichuan

is another Chinese general LLM serving as a foundation model for various SFT-based other LLMs.

Taiyi is a medical domain LLM obtained by continually supervised fine-tuning a general domain

LLM on Chinese and English medical data. MedicalGPT has two versions based on Ziya-v1 and

Baichuan (marked by “Z” and “B”, respectively), which are both tested in our experiments.11

In addition to the standard metrics (e.g., BLEU and accuracy), we run human evaluations on

question answering and dialogue generation. We randomly select 50 answers and dialogues generated

by different models and ask two annotators to assess their quality from three aspects: fluency,

completeness, and precision. Specifically, fluency judges whether the answer to the patient’s question

is simple and clear. We use this metric for the reason that good answers have to be understandable by

the patients and they should assist an efficient medical consultation process. Completeness refers

to whether the answer includes comprehensive information for the patient’s inquiry. We use this

metric to evaluate if the patient should be able to learn enough information about the disease through

the output text. Precision denotes whether the answer is accurate. We use this metric because

medical issues are directly related to the patient’s physical and mental health, which requires precise

descriptions in real scenarios. The assessment scores for each aspect range from 1 to 3, with higher

scores referring to better quality. The results of human evaluation in different tasks are presented in

the following subsections.

Information Extraction

Information extraction is an important task for medical text processing, where named entity recogni-

tion (NER) serves as a representative one that has attracted much attention for decades in this domain.

We evaluate baselines and our approach on two benchmark datasets for NER, namely, CCKS-2019

(Han et al., 2020), and ChiMST (Tian et al., 2022a). All models are performed under five-shot settings,

where the F1 scores on the test sets are reported in Table 6.11. It is observed that ChiMed-GPT

11We use the pre-trained version of Ziya-v1, Ziya-v2, and Baichuan, and follow the convention (Hendrycks et al., 2020;
Huang et al., 2023) to compare LLMs with various sizes.
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Flu Comp Pre

Taiyi 2.17 2.02 2.01

Medical-GPT (Z) 2.30 2.10 2.13

Medical-GPT (B) 2.27 2.17 2.22

ChiMed-GPT 2.57 2.45 2.57

Table 6.14: Human evaluation results from different models on 50 randomly selected QA pairs.

“Flu”, “Comp”, and “Pre” stand for fluency, completeness, and precision, respectively. The range of

score is [1, 3].

outperforms all general and medical domain LLMs, including GPT-3.5-Turbo, demonstrating the

necessity of training LLMs for the medical domain with careful design and appropriate data, which

ensures the superiority of ChiMed-GPT over other LLMs.

Question Answering

We also compare ChiMed-GPT with other LLMs on multi-choice and open-ended QA. For multi-

choice QA, we test LLMs on medical-related subsets of C-Eval (Huang et al., 2023) and CMMLU

(Li et al., 2023a), as well as the Chinese subsets of MedQA (Jin et al., 2021),12 where we run LLMs

with the five-shot setting and use accuracy to measure their performance. For open-ended QA, we

evaluate different LLMs on the test set of ChiMed with the zero-shot setting and use BLEU-1 (B-1),

BLEU-2 (B-2), ROUGE-1 (R-1), ROUGE-2 (R-2), and ROUGE-L (R-L) as evaluation metrics.

Results on the aforementioned two tasks are reported in Table 6.12, where ChiMed-GPT outperforms

all baselines and achieves state-of-the-art performance. We also report example answers generated by

different models in Table 6.13, where ChiMed-GPT is able to provide an informative and personalized

answer to a patient’s question. Moreover, we report human evaluation results of different models in

Table 6.14, where ChiMed-GPT achieves the best performance. Therefore, it is confirmed on the

12Specifically, for C-Eval, we use its “basic medicine” and “clinical medicine” subsets; for CMMLU, we employ
“anatomy”, “clinical knowledge”, “college medicine”, “genetics”, “nutrition”, “traditional Chinese medicine”, and
“virology” subsets; for MedQA, we utilize the “MCMLE” subset.
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Models B-1 B-2 R-1 R-2 R-L

GPT-3.5-Turbo 18.58 15.76 18.92 6.62 14.55

GPT-4 24.29 20.17 20.64 8.39 17.14

Ziya-v1 15.85 11.75 9.92 3.04 9.02

Ziya-v2 14.21 10.99 12.20 4.45 10.61

Baichuan 3.44 1.61 3.87 0.34 3.49

Taiyi 5.81 4.67 14.23 4.55 11.99

MedicalGPT (Z) 20.26 16.42 17.51 5.42 14.21

MedicalGPT (B) 3.94 2.19 4.34 0.13 3.50

ChiMed-GPT 33.14 30.86 43.43 34.91 42.16

Table 6.15: BLEU (B) and ROUGE (R) scores of different models on medical multi-turn dialogue

generation.

superiority of ChiMed-GPT over baseline LLMs, which is attributed to the comprehensive training

over appropriate data that enables ChiMed-GPT to effectively learn both medical knowledge and

human preference.

Multi-turn Dialogue

Another evaluation that LLMs normally perform is dialogue response generation. We evaluate

different LLMs on MC dataset for multi-turn dialogues in generating responses with given dialogue

histories. We test LLMs under the zero-shot setting and report their BLEU and ROUGE scores

in Table 6.15, where utterances generated by different LLMs with the same dialogue history are

presented in Table 6.16. We also report the human evaluation results of different models in Table 6.17.

From the results and examples from different LLMs, we observe that ChiMed-GPT achieves the best

performance and is able to generate more comprehensive and appropriate responses, which further

illustrates its practical value of being applied to real-world applications (e.g., online consultation

platform) for interacting with patients.
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Dialog Histroy

P:我今天有点头晕,一直咳嗽。 I feel a little dizzy today and keep coughing.

D:发烧了吗? Do you have a fever?

P:体温37.9度 37 degree

ChiMed-GPT

一直咳嗽多久？有没有痰？

How long have you been coughing? Is there phlegm?

Table 6.16: Example responses generated by ChiMed-GPT with the dialogue history between doctors

and patients. Note that English translations are given only for reference and are not a part of input or

output.

6.2.3 Bias Analysis

LLMs have been shown to reproduce and amplify biases present in the training data and to generate

potentially toxic or offensive content (Cao et al., 2022; Feng et al., 2023; Cheng et al., 2023; Xu et al.,

2023b; Haller et al., 2023). Particularly for medical applications, LLMs are expected to be carefully

examined for potential biases, which are critical in affecting the psychological state of patients when

they occur along with the text produced from LLMs. Therefore, it becomes essential to thoroughly

investigate and understand any biases that may manifest in these models when they are utilized to

assist healthcare professionals or directly provide information to patients. In evaluating the potential

bias of LLMs, we choose mental disease statements as test cases to assess if appropriate responses

are provided towards particular inputs.13 In doing so, we utilize two scales, namely, community

attitudes toward the mentally ill (CAMI) (Taylor and Dear, 1981) and mental illness: clinicians’

attitudes (MICA) (Gabbidon et al., 2013), whose details are elaborated as follows:

• CAMI scale aims to measure public attitudes towards individuals suffering from mental disorders.

The scale comprises 40 statements related to these patients. For every statement, participants

are required to specify their agreement level, namely, “strongly disagree”, “disagree”, “neutral”,

13The reason we choose mental disease is that many people suffer from them and experience stigma and discrimi-
nation based on the statistics from the World Health Organization (WHO), as stated in https://www.who.int/
news-room/fact-sheets/detail/mental-disorders.
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Flu Comp Pre

Taiyi 1.96 2.01 2.02

Medical-GPT (Z) 2.09 2.05 2.11

Medical-GPT (B) 2.15 2.23 2.20

ChiMed-GPT 2.44 2.38 2.50

Table 6.17: Human evaluation results from different models on 50 randomly selected dialogues.

Input

假设你是一名医生，以下对心理疾病患者说法你是否同意。请在“完全不同意”、“不同

意”、”稍微不同意“、”稍微同意“、“同意”、“完全同意“中选择

患有严重精神疾病的人往往很危险。

Translation

Assuming you are a doctor, do you agree with the following statements about mental illness patients?

Please choose among “Strongly Disagree”, “Disagree”, “Somewhat Disagree”, “Somewhat Agree”,

“Agree”, “Strongly Agree”.

People with serious mental illness are often dangerous.

Table 6.18: Example input for analyzing bias with MICA scale. The English translation is provided

for reference.

“agree”, and “strongly agree”.

• MICA scale evaluates doctors’ attitudes towards patients with mental diseases through 16 statements.

Doctors need to select the degree of their agreement or disagreement for each statement, including

“strongly agree”, “agree”, “somewhat agree”, “somewhat disagree”, “disagree”, and “strongly

disagree”.

For both scales, the response to each statement is translated to a bias score based on the scale

guideline (e.g., strongly disagree to strongly agree are mapped into a range of scores), guaranteeing

higher scores indicating stronger bias and lower scores suggesting weaker bias. Note that official
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Figure 6.6: Average bias scores of different LLMs on CAMI and MICA scales, where higher scores

indicate more severe bias. The ranges for scale scores are also illustrated below the scale name for

better illustration.

mapping rules for various statements are different, e.g., for statements with bias, agreeing on them

leads to high scores and for those without bias, disagreeing corresponds to high scores. The range

of bias scores for CAMI and MICA are [1, 5] and [1, 6], respectively. We prompt different LLMs,

including GPT-3.5-Turbo, GPT-4, Ziya-v1, Ziya-v2, Barichuan, Taiyi, MedicalGPT (Z), MedicalGPT

(B), to conduct the scale test in the same way as human participants normally do, comparing with that

performed by ChiMed-GPT. In doing so, we firstly translate scale statements into Chinese manually

to facilitate LLM processing since the original ones are in English. Then, we ask LLMs to produce

the level of agreement to the statements in CAMI and MICA, where an example input prompt is

presented in Table 6.18. Afterwards, we collect the answers of LLMs to all statements and map

them to bias scores according to the scale guidelines. Finally, we compute the average bias score for

each LLMs and present them in Figure 6.6, which illustrates that ChiMed-GPT achieves the lowest

bias scores on CAMI and MICA compared with other LLMs, showcasing our efforts in building a

responsible LLM for the medical domain.
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6.3 Summary

In this chapter, we leverage knowledge obtained from different learning processes, where collaborative

optimization, reinforcement learning, and three-step training (i.e., pre-training, supervised fine-tuning,

and RLHF) are utilized to provide additional supervised signals to learn the knowledge. Experiments

on various application-level tasks with LLM demonstrate the effectiveness of the proposed approach,

showing the usefulness of using the knowledge learnt from the training processes.



140

Chapter 7

Conclusion

In this thesis, we explore how to use various types of knowledge to support different NLP tasks

with PLMs. Specifically, we explore three prominent kinds of knowledge based on their format,

namely, n-grams, parse trees, and vectors. These three types of knowledge progressively present

more richness and flexibility in expression, and thus become applicable to increasingly complex

tasks.

Specifically, n-grams are extracted by mining latent information and correlations in data to

provide contextual cues for PLMs, thereby assisting in basic lexical and syntactic level NLP tasks.

For example, by capturing frequent co-occurrence patterns, n-grams help with tokenization. Their

lightweight, data-driven nature makes them easy to extract and integrate without manual annotation,

yet they still supply strong local context signals that complement the broad contextual representations

of PLMs. In practice, augmenting a PLM with n-gram cues has been shown to reduce errors in both

segmentation and parsing benchmarks.

Dependency parse trees extracted from toolkits implicitly leverages human expertise, since these

toolkits are generally trained on manually annotated data or use human-crafted rules. Therefore, the

parse trees deliver more robust and in-depth contextual information, thereby aiding models in semantic

and pragmatic tasks. By explicitly encoding token relations and grammatical roles, dependency

parses allow models to distinguish structural information that raw contextual embeddings alone

may overlook. This structural information proves especially valuable in tasks such as NER, relation

extraction, and ABSA, where understanding the function of tokens is critical. Empirical studies show
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that augmenting PLMs with dependency features consistently improves model performance.

Knowledge vectors learn knowledge through additional supervisory signals (e.g., contrastive

information between images and text), which allows them to be more flexible and expressive, making

them well-suited for modern end-to-end learning paradigms and a wide range of complicated tasks.

By embedding signals derived through supervision directly into model parameters, knowledge vectors

capture high-level relationships such as semantic alignments across modalities that conventional

forms of knowledge are hard to represent. Their continuously learnable nature allows models to

adapt to new data and tasks without requiring manual feature design.

Meanwhile, to address the inherent noise in these knowledge sources, we propose a series of

dynamic knowledge utilization approaches (e.g., memory mechanisms, attention mechanisms, and

graph structures) that weight different knowledge types based on the input, effectively distinguishing

between helpful information and irrelevant information. Experiment results on various tasks indicate

that our approach effectively leverages diverse types of knowledge and integrates them with PLMs

(including the LLMs).

Although this thesis deeply studies how to leverage knowledge for various tasks, it does not fully

address newer forms of knowledge that have emerged alongside the development of LLMs. For exam-

ple, pure-text prompting is able to steer model reasoning with simple input cues. Retrieval-augmented

generation (RAG) lets a model fetch external information on demand. Chain-of-thought (CoT)

prompting helps break down complex tasks into step-by-step reasoning. These directions fall outside

our current framework and need further exploration.
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Yann LeCun, Léon Bottou, Yoshua Bengio, and Patrick Haffner. Gradient-based learning applied to

document recognition. Proceedings of the IEEE, 86(11):2278–2324, 1998.

Janghyeon Lee, Jongsuk Kim, Hyounguk Shon, Bumsoo Kim, Seung Hwan Kim, Honglak Lee, and

Junmo Kim. Uniclip: Unified framework for contrastive language-image pre-training. Advances

in Neural Information Processing Systems, 35:1008–1019, 2022.

Jinhyuk Lee, Wonjin Yoon, Sungdong Kim, Donghyeon Kim, Sunkyu Kim, Chan Ho So, and Jaewoo

Kang. BioBERT: pre-trained biomedical language representation model for biomedical text mining.

arXiv preprint arXiv:1901.08746, 2019.

Roy Ka-Wei Lee, Rui Cao, Ziqing Fan, Jing Jiang, and Wen-Haw Chong. Disentangling Hate in

Online Memes. In Proceedings of the 29th ACM international conference on multimedia, pages

5138–5147, 2021.



156

Brian Lester, Rami Al-Rfou, and Noah Constant. The Power of Scale for Parameter-efficient Prompt

Tuning. arXiv preprint arXiv:2104.08691, 2021.

Gina-Anne Levow. The Third International Chinese Language Processing Bakeoff: Word Segmenta-

tion and Named Entity Recognition. In Proceedings of the Fifth SIGHAN Workshop on Chinese

Language Processing, pages 108–117, 2006.

Mike Lewis and Mark Steedman. A* CCG parsing with a supertag-factored model. In Proceedings

of the 2014 Conference on Empirical Methods in Natural Language Processing (EMNLP), pages

990–1000, Doha, Qatar, October 2014a.

Mike Lewis and Mark Steedman. Improved CCG Parsing with Semi-supervised Supertagging.

Transactions of the Association for Computational Linguistics, 2:327–338, 2014b.

Mike Lewis, Kenton Lee, and Luke Zettlemoyer. LSTM CCG Parsing. In Proceedings of the 2016

Conference of the North American Chapter of the Association for Computational Linguistics:

Human Language Technologies, pages 221–231, San Diego, California, June 2016.

Mike Lewis, Yinhan Liu, Naman Goyal, Marjan Ghazvininejad, Abdelrahman Mohamed, Omer Levy,

Veselin Stoyanov, and Luke Zettlemoyer. BART: Denoising Sequence-to-Sequence Pre-training

for Natural Language Generation, Translation, and Comprehension. In Proceedings of the 58th

Annual Meeting of the Association for Computational Linguistics, pages 7871–7880, Online, July

2020a.

Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio Petroni, Vladimir Karpukhin, Naman Goyal,
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