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Abstract

In response to the proliferation of misinformation on social media platforms, this

thesis introduces the Triple-R framework (Retriever, Ranker, Reasoner) to enhance

fact-checking by leveraging the Web for evidence retrieval and generating understand-

able explanations for its decisions. Unlike existing methods, Triple-R incorporates

external sources for evidence and provides explanations for datasets lacking them. By

fine-tuning a causal language model, it produces natural language explanations and

labels for evidence-claim pairs, aiming for greater transparency and interpretabil-

ity in fact-checking systems. Evaluated on a popular dataset, Triple-R achieved a

state-of-the-art accuracy of 42.72% on the LIAR benchmark, outperforming current

automated fact verification methods. This underscores its effectiveness in integrating

web sources and offering clear reasons, presenting a significant step forward in the

fight against online misinformation.
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Chapter 1

Introduction

1.1 Introduction

In recent years, social media platforms have witnessed an exceptional surge in their

number of users. By October 2023, the global count of internet users had reached

5.3 billion, constituting 65.7% of the world’s population. Among these, 4.95 billion

individuals, equivalent to 61.4% of the global populace, were active users of social

media platforms. [4]. This increasing trend of social media popularity is proving to

be advantageous for both individuals and business owners.

In addition to the entertainment aspects of social media, these platforms, such as

X and Facebook, have become a primary source of news for a large segment of the

population. The majority of U.S. adults (86%) frequently or occasionally receive

news via smartphones, computers, or tablets, with 56% doing so often—surpassing

49% in 2022 and 51% in 2021. However, news consumption from television remains

relatively stable at 31% in 2022 and 32% in 2023 for those who often receive news.

Radio and print publications are less popular sources compared to digital devices

and television [3].

While these platforms offer various benefits, they are also susceptible to the spread
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of misinformation, such as fake news and rumors. This susceptibility poses risks of

significant political, social, and financial harm. Recent surveys indicate a mere 21%

trust in social media content among Canadians [5]. A misleading news story can lead

to plummeting stock prices, damage a business’s reputation, or create unrealistic

customer expectations. For instance, a false announcement from an imposter Eli

Lilly pharmaceutical account claiming "insulin is free now" resulted in a 4.5% drop

in the company’s stock [2].

Moreover, recognizing false news is increasingly challenging due to the emergence of

a dedicated industry. Individuals are hired to produce sensational stories and craft

clickbait content, aiming to boost website traffic. Both misinformation (presenting

misleading information as fact) and disinformation (intentionally spreading false in-

formation) can be camouflaged to appear legitimate, quickly reaching thousands of

users within minutes.

Several fact-checking websites, such as Snopes1, FactCheck.org2, and Full Fact3,

strive to identify instances of misinformation. Figure 1.1 shows an example from the

PolitiFact website. These platforms heavily depend on human involvement. How-

ever, the overwhelming volume of fake news, rumors, and misinformation circulated

daily on social media challenges the capacity of fact-checking websites to promptly

detect and interpret such content. As a result, there is a pressing need for an auto-

mated system that can accurately and efficiently assess the veracity of claims made

on social media.

To automate fact verification, natural language processing techniques can be lever-

aged. The goal of fact verification is primarily to classify claims as either true or

false. Numerous studies have attempted to address this problem by leveraging text

classification methods such as machine learning and deep learning algorithms. Some
1https://www.snopes.com
2https://www.factcheck.org
3https://fullfact.org

2



Figure 1.1: Illustration of claims scrutinized by the PolitiFact website, where as-
sessments rely on credible third-party sources, leading to the assignment of a corre-
sponding label based on the evaluation.

studies extract textual features from content and apply machine learning algorithms

on these features to classify them [6, 66]. However, some works use deep learning to

train end-to-end models [37, 44].

Beyond textual information, instances arise where the text alone may lack non-

factual claims; however, when coupled with other modalities like images, it can

contribute to the formation of deceptive claims. Consequently, several studies explore

the application of multi-modal models for effectively classifying pairs of text and

images [89, 80].

Analyzing fake news based solely on its content is insufficient because fake news is

inherently designed to deceive, posing a unique challenge. Unlike authentic news,

the deceptive intent of fake news complicates straightforward content analysis. Even

expert fact-checkers frequently rely on cross-referencing multiple sources to draw

accurate conclusions about a claim. Therefore, incorporating additional contextual

information into the fact-checking process becomes crucial, as it enhances the models’

ability to discern the nuances and deceitful nature of fake news, ultimately improving

overall accuracy.

Integrating context in fact verification systems is another challenge due to various

sources. On social media, user profiling, source assessment, the relationship between

3



users, propagation of claims, etc., are mainly taken into account [76, 78, 57].

Another kind of information is textual data that supports or opposes the claim. A

popular method to incorporate textual data is knowledge graphs. A knowledge graph

is a graphical representation of a large amount of interconnected data, organized

and linked together to represent concepts and relationships between entities. In this

method, mainly the entities are extracted from the claim, and then their associated

relationships are fetched from the knowledge graph [53, 34]. However, extracting the

relationship between entities and creating the corresponding graph is challenging.

In general, creating a knowledge graph consists of four steps, coreference resolution,

named entity recognition, entity linking, and relationship extraction. Each step

requires different settings and methods, which makes creating a knowledge graph an

intricate process.

Contextual information can also be derived from evidence presented in natural lan-

guage. This approach involves retrieving pieces of evidence associated with claims

from a factual information database and subsequently processing both the claim

and its corresponding evidence. However, a significant challenge lies in determining

the source of knowledge and developing effective methods for evidence extraction.

Some studies utilize information from Wikipedia as a source of facts, as evidenced

by works like Thorne et al. [82] and Sathe et al. [70]. Other research efforts, such

as the dEFEND work [75], focus on extracting relevant comments associated with

claims. Additionally, search engines are explored as external knowledge sources, as

exemplified in the work by Popat et al. [62].

Fact verification systems often lack explainability, even with a detection component.

If such a system labels a human claim, users may be hesitant to trust the decision of

the model without sufficient justification. Furthermore, the provision of explanations

can aid non-expert users in comprehending domain-specific claims. Finally, they

would provide researchers with insight into the logic behind the decision-making of
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such systems, facilitating the development of more robust systems. Therefore, the

incorporation of explainable models is an essential component of fact verification

systems.

Some methods aim to gauge the significance of input features, typically words, by

employing attention mechanisms that assign scores to each word [62] or via post-hoc

methods [8, 81]. Additionally, certain approaches focus on identifying triples or Horn

rules to delineate the reasoning path of the model [26, 7, 49]. However, interpreting

the role of these important words or ruling triples in the model’s decision remains the

responsibility of the user, potentially limiting the overall clarity of the explanation.

While retrieved evidence aids in detection, certain methodologies focus on scoring

the evidence list and presenting the most relevant pieces as explanations for the

model’s decision [9, 75]. Furthermore, models can justify their decisions in natural

language, enhancing comprehension for human users [85]. Nevertheless, training a

model capable of generating explanations in the natural language format requires a

dataset with annotated explanations, hindering the development of such systems.

1.2 Motivation and Objectives

This research seeks to overcome the limitations of prior studies by developing an

interpretable fact verification system that considers claim content. Our framework,

Triple-R, comprises three key components—Retriever, Ranker, and Reasoner—each

playing a distinct role in the fact verification process. The Retriever sources exter-

nal knowledge from the web, while the Ranker employs a hybrid method to score

internet-gathered text, forming evidence related to the claim. Subsequently, we em-

ploy an auto-regressive language model based on the transformer architecture to

generate both a reason grounded in the evidence and to assign a label to the claim.

Additionally, in addressing the challenge of data scarcity in explainable fact verifi-
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Claim: Over 10 years, (extending tax cuts for the wealthy) would add less to the
deficit than Obama added with the stimulus in one year.
Evidence:
1. "Over 10 years, (extending tax cuts for the wealthy) (...)
2. "The president says we can’t afford the tax cuts for (...)
3. Ultimately, we feel that Will had a point worth making (...)
4. Just as the upper-income tax cuts are being charged (...)
Reason: The statement is partially true but lacks important context. While it
is true that the tax cuts for the wealthy would add less to the deficit over a 10-
year period than the stimulus did in one year, it is misleading to suggest that
the stimulus is vastly more expensive than the tax cuts. The stimulus package
included various funding streams and tax breaks, and the Congressional Budget
Office (CBO) reported that it would increase the deficit in each year until 2015
before reducing it in subsequent years. Therefore, it is important to consider the
overall impact of the stimulus and the tax cuts over a longer period rather than
comparing their individual yearly costs.
Label: barely-true

Table 1.1: Table showcasing an example claim analyzed through the Triple-R frame-
work, utilizing web-based information retrieval to find pertinent evidence. The
framework subsequently formulates a reasoned judgment and assigns a label indi-
cating the veracity of the claim.

cation systems, we introduce a method leveraging the reasoning capabilities of large

language models to create synthetic rationales for datasets lacking human-annotated

reasons. This synthetic dataset is then used to fine-tune a smaller language model.

Furthermore, we leverage novel techniques to mitigate the computational cost asso-

ciated with training and inferencing large language models. Table 1.1 illustrates an

example analyzed by the Triple-R framework.

1.3 Summary of Contributions

This section presents the main contributions of the research, highlighting the ad-

vancements in the field of explainable fact verification. The research has made sig-

nificant strides in developing a framework that combines various powerful language

models to present an explainable fact verification system. Additionally, the research
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introduces techniques to create a synthetic dataset to train language models.

In summary, our contributions are as follows:

• We propose a novel causal language model designed specifically for logical rea-

soning in the domain of fact verification. This model provides natural language

explanations detailing the rationale behind its assessment of a claim’s veracity.

By generating this reasoning process explicitly, our method enables greater

transparency and interpretability compared to standard classification models.

• We introduce a teacher-student training approach that transfers knowledge

from a large, powerful language model to a smaller, more efficient model. This

allows us to leverage the reasoning abilities of cutting-edge models while main-

taining feasible computational requirements for real-world usage.

• We develop an innovative hybrid ranker combining neural and statistical meth-

ods to retrieve related textual evidence from the web. The ranker serves a dual

purpose - the extracted passages provide vital contextual information to inform

the reasoning process and also act as additional justification to accompany the

generated explanation.

1.4 Thesis Organization

In the upcoming chapters, we conduct a thorough literature review on fake news

detection in Section 2. Section 3 outlines the architecture and components of our

proposed models in detail. The implementation specifics of the proposed method,

along with the experimental results and model evaluations, are detailed in Section

4. Lastly, the concluding section presents our final reflections and suggests potential

avenues for future research.
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Chapter 2

Literature Review

In this chapter, we delineate the research landscape of fact verification by classifying

existing approaches into three broad categories: Content-based Detection, Context-

enriched Methods, and Explainable Fact Verification. Additionally, we review some

works concerning explainable AI that are relevant to the issue of fact verification.

2.1 Content-based Detection

In the realm of fact verification, content-based detection approaches aim to determine

the truthfulness of a claim based solely on the features presented within its content.

To this end, researchers have explored various techniques for extracting and analyzing

textual features.

Ahmad et al. [6] introduced an ensemble learning strategy employing linguistic fea-

tures to detect fake news across diverse domains. They utilized the LIWC2015 tool

to extract 93 numerical features, encompassing aspects like emotion, grammar, and

punctuation. These features were employed to train machine learning algorithms,

including logistic regression, SVM, and ensemble techniques like bagging, boosting,

and voting classifiers. Results from experiments on real-world datasets covering pol-

itics, sports, tech, and entertainment domains exhibited superior performance in
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accuracy, precision, and recall for ensemble models compared to individual learner

baselines. Notably, XGBoost-based boosting demonstrated the best outcomes by

effectively amalgamating weak classification models, minimizing errors. The key in-

novation lies in incorporating model diversity through various ensemble methods and

linguistic inputs, enabling more generalized fake news identification across domains.

The integration of representation learning and classifier fusion yielded significant im-

provements over single-model approaches, overcoming limitations observed in prior

works focused solely on specific political domains or features.

Pérez-Rosas and colleagues [61] introduced two fresh datasets for detecting fake

news, acquired through crowdsourcing and sourced from celebrity news websites.

They constructed classification models utilizing n-gram, punctuation, psycholinguis-

tic, readability, and syntax features. The top-performing models achieved accura-

cies comparable to human evaluators, surpassing human judgment on the diverse

news dataset while demonstrating similar performance on celebrity news. Linguistic

analysis uncovered distinctions in social, positive, certainty, and time-focused words

between fake and authentic news. The noteworthy contributions encompass the cre-

ation of new datasets spanning various domains, a comparative linguistic analysis

revealing semantic differences in fake content, and the development of highly accurate

classifiers relying on textual features rather than source heuristics. This underscores

the effectiveness of computational linguistics in detecting fake news across diverse

domains. Future endeavors could involve expanding the datasets, incorporating in-

dicators of source reliability, and investigating the impact of larger training sizes.

The FNDNet technique [37] proposed a deep convolutional neural network archi-

tecture designed for detecting fake news. Unlike traditional approaches relying on

manually crafted features, FNDNet is structured to autonomously learn distinctive

features through multiple hidden layers. It employs parallel convolution layers with

various kernel sizes applied to word embeddings from GloVe, facilitating feature ex-
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traction at different levels. The subsequent application of max pooling, flattening,

and dense layers generates predictions. Notably, experiments conducted on well-

established fake news datasets reveal a state-of-the-art accuracy of 98.36%, show-

casing a noteworthy advancement compared to existing machine learning and deep

learning methods in fake news classification. The authors assert that FNDNet stands

out as a promising deep learning model for precise fake news detection. Key aspects

worthy of emphasis in a literature review encompass automated feature learning, the

integration of multiple parallel convolutional layers, and its superior performance

compared to prior methodologies.

Abdul Nasir et al. [58] introduced an innovative hybrid deep learning model, merg-

ing convolutional and recurrent neural networks (CNN-RNN) to classify fake news.

The model employs a CNN layer to extract local text features initially, followed by

an LSTM layer to capture long-term dependencies among these features. Through

experiments on FA-KES (comprising 376 fake and 426 real articles on the Syrian

war) and ISOT (with 23,481 fake and 21,417 real articles), the hybrid approach out-

performs non-hybrid baseline methods such as logistic regression, random forests,

and standalone CNN or RNN models across metrics like accuracy, precision, re-

call, and F1-score. Notably, the model achieves an outstanding accuracy of 99% on

the ISOT dataset. The authors also undertake initial generalization experiments,

training on ISOT and testing on FA-KES. They address overfitting limitations and

discuss future enhancements to enhance model portability across datasets. In sum-

mary, this research underscores the potential of deep neural networks, particularly

hybrid approaches, in automating the detection of fake news.

Kaliyar et al. [36] suggested a new deep learning method named FakeBERT de-

signed for detecting fake news on social media. FakeBERT merges a pre-trained

bidirectional transformer model, known as BERT [21], with multiple parallel 1D

convolutional neural network blocks. This combination effectively captures semantic
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nuances and long-distance dependencies in sentences. The results showcase Fake-

BERT’s superior performance over previous benchmarks, achieving a 98.9% accu-

racy on a real-world dataset from the 2016 US Presidential Election. The authors

emphasize that the bidirectional training approach of FakeBERT enables it to model

pertinent information in fake news more effectively than earlier unidirectional models.

Additionally, they suggest that FakeBERT’s fusion of BERT and 1D-CNN adeptly

handles ambiguity, a critical aspect in tasks like fake news detection within natural

language understanding. In summary, Kaliyar et al. present FakeBERT as a precise

deep learning architecture for discerning fake content and misinformation based on

writing style and news content.

2.2 Context-Enriched Methods

Evaluating the credibility of factual information in textual content presents distinc-

tive challenges that set it apart from other text classification tasks. Content-based

detection systems face two primary issues. Firstly, false claims are crafted to closely

mimic true claims, often sharing similar linguistic features. This makes it challenging

to distinguish between them. Secondly, the dynamic nature of events and news poses

a challenge; once a fact verification system is trained, it lacks information about fu-

ture events, hindering its ability to identify claims beyond the training dataset. To

enhance the efficacy of fact verification systems, several studies have incorporated

contextual information, with a focus on two main types of external context: social

media information and textual evidence.

2.2.1 Social Media Information

In the realm of social media, numerous factors, such as users’ information, relation-

ships between users, and patterns of news propagation, among others, can signifi-
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cantly impact the veracity of presented facts. Consequently, researchers have inves-

tigated various forms of this auxiliary information to evaluate the facts disseminated

through social media.

The TriFN approach, as presented in [77], introduces a framework for detecting fake

news by leveraging the tri-relationship among publishers, news content, and social

media engagements. The method contends that jointly modeling these three com-

ponents enhances the classification of fake news by capturing complementary infor-

mation. Specifically, it recognizes that publisher partisan bias can indicate potential

manipulation, while considering user credibilities and stances in engagements also

provides signals regarding veracity. The TriFN framework employs non-negative ma-

trix factorization to learn latent feature representations of news content, integrates

user credibility and homophily in the modeling process, and utilizes semi-supervised

learning.

Through experiments conducted on two comprehensive fake news datasets, TriFN

demonstrates superior performance compared to methods that solely focus on news

content or social context. It achieves a notable 5-9% relative improvement in ac-

curacy. These findings underscore the significance of concurrently modeling the

relationships between publishers and news, as well as news and users, for an effective

fake news detection system.

Shu et al. [79] explored the utilization of social media user profiles for identifying

fake news. Their study involved identifying user groups based on their tendencies

to share either fake or real news, examining both explicit profile features available

in metadata and implicit features derived from content and behaviors. The analysis

highlighted disparities in the distribution of real and fake news sharers, particularly

in aspects such as location, profile images, and political bias features. These features

demonstrated effectiveness in classifying fake news, consistently surpassing existing

content-based methods, with implicit features, such as political bias, proving to be
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the most distinguishing. The findings suggest that incorporating user profile signals,

especially implicit ones, holds promise for improving fake news detection on social

media.

Dou et al. [22] introduced a unique framework named UPFD (User Preference-aware

Fake News Detection) aimed at enhancing fake news detection. In contrast to previ-

ous studies concentrating solely on news content, UPFD innovatively integrates user

preferences and social context. It employs BERT to encode both news content and

user preferences, incorporating historical posts to capture endorsement bias. Addi-

tionally, UPFD represents social context through a propagation graph, and a graph

neural network combines endogenous user preferences with exogenous context for

accurate news veracity classification. Experimental results on two Twitter datasets

indicate that UPFD surpasses existing models, underscoring the significance of in-

corporating user preferences alongside news content in fake news detection. This

multi-modal strategy opens a novel avenue for leveraging both user psychology and

social engagement to combat misinformation.

2.2.2 Textual Evidence

The DEAP-FAKED system [54] presented an innovative approach to fake news de-

tection using a knowledge graph-based framework. The prevalence of fake news on

social media poses substantial challenges, influencing significant events such as elec-

tions and the COVID-19 pandemic. In this method, bidirectional LSTM models en-

code the textual content of news titles to form representations. Additionally, named

entities within the titles are identified, linked to a knowledge graph (Wikidata), and

represented using ComplEx embeddings. These news and entity representations are

then combined and inputted into a classifier for fake news detection.

The system’s effectiveness is evaluated on two datasets: one sourced from Kaggle,

consisting of approximately 14,000 political/tech/business articles, and another from
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the COVID-19 dataset (CoAID) with 632 preprocessed articles. To mitigate biases,

such as news sources, and prevent spurious correlations, the evaluation removes

them. The results showcase notable improvements, with F1 scores reaching 88%

and 78% on the respective datasets. This signifies a 21% and 3% enhancement over

baselines, emphasizing the significance of incorporating knowledge graph information

to complement textual representations. The study suggests potential avenues for

further exploration, such as experimenting with various combinations of knowledge

graph and Wikipedia entity encoders.

Hu et al. [34] introduced an innovative end-to-end graph neural network named

CompareNet for detecting fake news. The main concept involves evaluating news

content against external information from Wikipedia using entities to determine its

credibility. The paper constructs a directed heterogeneous document graph that

includes sentences, topics, and entities for each news document. To enhance the

news representation, a heterogeneous graph attention network is applied, capturing

both topic-enriched news representation and contextual entity representations that

encode the news content’s semantics. These contextual entity representations are

then compared to corresponding entity representations from both structured knowl-

edge graph triplets and unstructured Wikipedia entity descriptions using a carefully

crafted comparison function. The resulting entity comparison features are integrated

with the news content representation for the final classification of fake news.

Experiments on two benchmark fake news datasets reveal that the proposed Com-

pareNet model outperforms existing methods significantly. The comparisons to ex-

ternal knowledge and the inclusion of topic information are demonstrated to provide

valuable signals. The directed heterogeneous document graph is designed to aggre-

gate evidence from external knowledge effectively without distorting the news rep-

resentation. This paper presents a fresh perspective on utilizing external knowledge

for fake news detection through entity comparison.
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2.3 Explainable Fact Verification

Szczepański et al. [81] introduced a novel approach to enhance the interpretability of

BERT-based fake news detection models. Emphasizing the necessity for AI systems

to be both comprehensible and trustworthy, the authors advocate for the adoption of

model-agnostic explanation techniques such as LIME and Anchors. These methods

can be seamlessly integrated into existing models, offering localized explanations

without necessitating model retraining. The experimentation involved BERT and

BiLSTM classifiers applied to fake news datasets. Evaluation encompassed vari-

ous test scenarios, including accurately and inaccurately classified instances of both

fake and real news. The findings indicate that these explanation methods effec-

tively capture significant patterns influencing model decisions, revealing some shared

highlighted words between LIME and Anchors. Nevertheless, Anchors occasionally

struggled to provide explanations for fake news. The authors suggest that combin-

ing multiple explanation methods yields more comprehensive insights, asserting that

this approach facilitates the application of interpretability to opaque models like

BERT-based detectors.

Popat et al. [62] introduced DeClarE, a neural network system designed for evalu-

ating the credibility of textual claims. DeClarE operates as an end-to-end model,

autonomously assessing the credibility of natural language claims without relying on

handcrafted features or lexicons. A notable feature is its capacity to integrate signals

from external evidence articles on the web, offering additional context to the claim

under scrutiny. The model employs a bidirectional LSTM for language modeling

of the evidence articles and incorporates an attention mechanism to highlight the

most relevant sections pertaining to the claim. DeClarE also innovatively considers

multiple factors influencing credibility, such as the language within the articles, the

credibility of sources, and the context of the claim. Through extensive experiments

across four datasets, DeClarE demonstrated superior performance compared to ex-
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isting state-of-the-art methods in credibility classification and regression. Notably,

DeClarE is praised for its interpretability; the attention weights it generates allow

for the identification of key excerpts from evidence articles contributing to the cred-

ibility assessment. This transparency enhances the model’s explanatory power in

justifying its predictions.

Chen et al. [15] introduced the Hierarchical Reasoning-based Heterogeneous Graph

Neural Network (HHGN) method for fact verification. Traditional methods often

rely on single-granularity sentence-level features to represent evidence, neglecting

valuable features such as entity-level and context-level information, and lacking in-

terpretability in reasoning. In response, HHGN utilizes a heterogeneous graph, rep-

resenting entities, sentences, and context, to incorporate multi-granularity features.

It employs a hierarchical reasoning process to enhance interpretability by propagat-

ing features from fine-grained to coarse-grained nodes. Initially, HHGN constructs a

heterogeneous graph from retrieved evidence sentences and initializes node represen-

tations using BERT. Subsequently, it propagates features hierarchically from entities

to sentences to context. The model extracts reasoning paths, predicts labels for each

path based on claim relevance, and aggregates path results for the overall predic-

tion. Experimental results on the FEVER dataset showcase HHGN’s superiority

over competitive baselines in both single and multiple evidence scenarios. Notably,

in multiple evidence cases, HHGN achieves a 3.42% increase in accuracy and a 5.09%

improvement in FEVER Score compared to the best baseline. Additional analysis

highlights the interpretability of HHGN’s evidence reasoning process.

FACE-KEG [85] is a novel deep learning framework for explainable fact checking.

Given an input fact or claim, it constructs a relevant knowledge graph and retrieves

contextual textual information from a knowledge base. The knowledge graph and

textual context are encoded using a graph transformer network and bidirectional

RNN respectively. This encoded information is then utilized to jointly train a classi-
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fier to predict the veracity of the input claim, as well as an RNN decoder to generate

a natural language explanation justifying the predicted veracity.

A key contribution of this work is providing concise, coherent textual explanations

for fact checking decisions, instead of just predicting a veracity label. The graphical

representation and additional context allow FACE-KEG to learn more informative

explanations compared to logic rules or knowledge base patterns used in prior work.

Evaluations on three large-scale datasets demonstrate that FACE-KEG outperforms

competitive baselines in accurately detecting fact veracity. Human judgments also

indicate that the generated explanations are of higher quality - more relevant, ade-

quate, and coherent in justifying veracity predictions.

2.4 Explainable Artificial Intelligence

Explainable artificial intelligence (XAI) refers to methods and techniques that aim

to make AI and machine learning models more interpretable and explainable. As

AI systems are increasingly deployed in high-stakes domains like finance, healthcare,

and defense, there is a need for the decisions and predictions made by these "black

box" models to be understandable by humans. XAI encompasses approaches that

help demystify how models work internally or explain the reasoning behind individual

decisions.

The XAI can be categorized into three broad types - intrinsically interpretable mod-

els, model-agnostic methods, and example-based explanations. Intrinsically inter-

pretable models like linear regression and decision trees are transparent in how they

operate. Model-agnostic methods can explain the predictions of any machine learn-

ing model by various means like feature importance, partial dependence plots, and

local surrogate models. Finally, example-based methods select influential, prototyp-

ical or counterfactual instances from the dataset to provide explanation analogies for
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Figure 2.1: The figure illustrates an example elucidating the intuition behind LIME.
The blue/pink background represents the complex decision function f of the black-
box model (unknown to LIME). The bold red cross denotes the instance under ex-
planation. LIME samples instances, obtains predictions using f , and assigns weights
based on proximity to the explained instance (indicated by size). The dashed line
represents the locally faithful learned explanation, capturing the model’s behavior
in the vicinity of the specific instance.

model behavior. Each category has its own advantages and limitations in enabling

model transparency. Ongoing research is focused on developing XAI techniques that

can provide faithful, customized and quantifiable explanations [35]. To enhance

our comprehension of XAI, we delve into two widely used model-agnostic methods:

Local Interpretable Model-agnostic Explanations (LIME) [67] and Deep Learning

Important Feature (DeepLIFT) [74].

LIME (Local Interpretable Model-Agnostic Explanations) is a technique to explain

the predictions of any machine learning classifier or model in an interpretable manner.

The key idea is to approximate the model locally around a specific prediction using

an interpretable and simple model like a linear model or decision tree.

Formally, for a model f and an instance x being predicted, LIME learns an inter-

pretable explanation model g from a dataset Z of perturbed samples around x. The

domain of g is {0, 1}d′ , i.e. g acts over absence/presence of the interpretable compo-
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nents. The perturbed samples Z are generated by randomly turning interpretable

components on and off. The samples are weighted by their proximity πx(z) to x.

The explanation ξ(x) is obtained by solving an optimization problem that minimizes

the locality-aware loss L between f and g on Z, regularized by the complexity Ω(g)

of g. Figure 2.1 depicts an example of LIME method. This ensures both local fidelity

as well as interpretability of the explanation:

ξ(x) = arg min
g∈G

L(f, g, πx) + Ω(g)

By explaining individual predictions, LIME aims to provide interpretability and

assess trust in models. The paper also proposes SP-LIME, which selects a diverse,

representative set of explanations to provide a global understanding of a model.

Experiments on text and image models, with both simulated and human subjects,

demonstrate the utility of LIME explanations for various trust-related tasks.

DeepLIFT is a method for explaining the output predictions of neural networks

by assigning importance scores to the inputs. It propagates an importance sig-

nal backward through the network layers in a single pass, assigning contribution

scores C∆xi∆t to the difference from reference ∆xi of each input neuron. The key

idea is to explain the difference in output ∆t relative to a reference output t0. By

using difference-from-reference instead of absolute values, DeepLIFT can assign im-

portance even when gradients are zero, avoiding the limitations of gradient-based

methods.

The DeepLIFT rules define how to compute contribution scores and multipliers

m∆xi∆t layer-by-layer via backpropagation. The summation-to-delta property re-

quires that the contribution scores sum up to the output difference ∆t. A unique

aspect of DeepLIFT is allowing separate treatment of positive and negative contri-

butions with the RevealCancel rule, enabling it to identify dependencies missed by

other methods in situations where positive and negative terms cancel out in nonlinear
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neurons. Experiments show DeepLIFT assigns more meaningful input importance

scores compared to gradients or gradient x input on tasks like MNIST digit classifi-

cation and motif discovery in genomics.

2.5 Concluding Remarks

In the literature review chapter, we explore three main themes: Content-based De-

tection, Context-Enriched Methods, and Explainable Fact Verification. In Content-

based Detection, Ahmad et al.’s ensemble strategy, Pérez-Rosas’s new datasets, and

FNDNet’s deep learning model stand out for their effectiveness in fake news identifi-

cation. Moving to Context-Enriched Methods, TriFN and Shu et al. emphasize the

importance of social media information, while UPFD integrates user preferences and

social context, outperforming existing models. DEAP-FAKED leverages a knowl-

edge graph, and CompareNet uses external knowledge and topic information, both

showcasing significant improvements.

Explainable Fact Verification explores approaches enhancing interpretability. Szczepański

et al. propose model-agnostic explanation techniques, DeClarE demonstrates supe-

rior performance and interpretability, HHGN introduces a hierarchical reasoning-

based model, and FACE-KEG not only predicts veracity but also provides coherent

textual explanations, outperforming baselines.

Additionally, the literature delves into Explainable Artificial Intelligence (XAI) and

two widely used model-agnostic methods: Local Interpretable Model-agnostic Expla-

nations (LIME) and Deep Learning Important Feature (DeepLIFT). LIME provides

interpretable explanations for black-box models, enhancing trust. DeepLIFT assigns

meaningful input importance scores compared to other methods.

The Proposed Method chapter will build upon these insights, detailing the techniques

and methods used to implement the fact verification approach.
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Chapter 3

Proposed Approach for Fact

Verification

3.1 Overview

In the present day, a majority of individuals prefer obtaining the latest news and

information through social media channels like X1. However, the open nature of these

platforms allows for the rapid dissemination of false information. Consequently, when

confronted with a claim, one potential method to verify its authenticity is to conduct

an online search. Search engines employ advanced algorithms, which often present

the most relevant links in the initial results. By exploring the content of these early

websites, one can find relevant information pertaining to the claim. Utilizing this

collected evidence from the web, one can make an informed judgment regarding the

legitimacy of the claim.

In the context of fact verification, the process of determining the validity of a claim

is aimed to be replicated. This process typically involves conducting online searches

to gather relevant information and evidence, which is then analyzed to assess the

veracity of the claim. To emulate this approach, a three-stage fact verification model
1https://twitter.com/
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Figure 3.1: The three stages for fact verification, designed to emulate the step-by-
step process a human would undertake when assessing the validity of a claim. These
stages involve information gathering, evidence synthesis, and logical reasoning to
arrive at a conclusion regarding the claim’s veracity. The fact verification model
aims to replicate the human-like approach for determining the credibility of the
given claim.

has been developed, as depicted in Figure 3.1. This model seeks to mimic the human

process of information gathering, evidence synthesis, and logical reasoning to arrive

at a conclusion regarding the validity of a given claim.

This proposed framework to assess the veracity of a claim is named Triple-R, con-

sisting of Retriever, Ranker, and Reasoner. The stages are discussed briefly below:

• Retriever: This stage involves sourcing information related to the claim from

the web, which is used as an external knowledge base.

• Ranker: In this stage, a score is assigned to each paragraph of the retrieved

documents based on their similarity to the claim. The top-scoring paragraphs

are then selected as evidence.

• Reasoner: The final stage employs a generative language model to simulta-

neously label the claim and provide a rationale for its veracity based on the

collected evidence.

3.2 Retriever

During the fine-tuning process, a pre-trained language model acquires a deep under-

standing of the specific domain it is being trained on. For instance, in sentiment
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analysis, when provided with a sufficiently large dataset, the model discerns cru-

cial features like semantics, syntax, and sentiment-related words that influence the

sentiment of a given text. This acquired knowledge enables the model to effec-

tively classify input texts based on their sentiments. Once trained, the model can

maintain its classification capabilities over time, delivering consistent performance

without significant degradation.

In the fact verification task, the scenario differs from other tasks as false information

is intentionally crafted to mimic true information, making it challenging to distin-

guish between them. The crux of the matter lies in the facts presented in the claims,

which is the most significant difference between correct and erroneous information.

Given the constantly evolving nature of news, new events introduce novel facts that

were not encountered during model training, leading to difficulties in detecting false

claims that arise independently of past events. Even human fact-checkers, with their

expertise, often face the challenge of assessing new events without external references.

This makes fact verification a complex and dynamic task that requires specialized

approaches.

To overcome the mentioned challenge, incorporating an external knowledge source

into fact verification systems proves to be beneficial as it enables the model to access

relevant information. In this study, we leverage the web as the external source to

provide additional context for the model. The web stands as a prime resource due to

its vastness and up-to-date content, making it a valuable repository of information.

Moreover, search engines employ sophisticated algorithms to index websites and

retrieve the most pertinent information related to input queries, further enhancing

the model’s access to relevant data. By tapping into this external knowledge, the fact

verification system gains an edge in handling the dynamic nature of fact-checking.

To gather relevant information, a search engine is employed to search the exact

claim verbatim, without any further preprocessing. Employing the claim verbatim
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as a search query may be a straightforward method, but it serves as a suitable initial

step, particularly considering that search engines often incorporate supplementary

procedures to enhance user interactions. Then, the search engine tries to find the

most relevant articles based on the input claim. Several search engine APIs are

available for this purpose, including the Google Search API2, Mojeek Web Search

API 3, and Bing Web Search API 4. In this study, the Bing Search API is utilized as

the retriever. After performing a verbatim search of the claim, the URLs of the top

k articles are selected. These URLs are then processed through a scraper to extract

the content from these articles. Finally, the retrieved articles undergo preprocessing

steps to eliminate unwanted elements, such as URLs and noisy punctuation.

3.3 Ranker

When the retriever finds the related URLs to the claim, it extracts all the text from

the HTML content of the URLs, including content that is not part of the main

article, such as footers, headers, menu names, ads, etc. These extraneous elements

can introduce noise and negatively impact the system’s performance. Furthermore,

articles may span multiple pages and contain paragraphs that are irrelevant to the

input claim, adding to the noise in the data. The model in the reasoner component

also has a limited context length, and articles with many pages can exceed this limit.

To filter out unwanted content, a ranking model is employed to assess the relevance

of information within the articles. The articles are first segmented into paragraphs,

and then both the paragraphs and the claim are encoded as numerical vectors to

calculate the similarity scores between the paragraphs and the claim. Inspired by

[52], a hybrid model is utilized for ranking, incorporating both a term-based model

and a neural network model to score each paragraph. This hybrid approach enables
2https://developers.google.com/custom-search
3https://www.mojeek.com/services/search/web-search-api/
4https://www.microsoft.com/en-us/bing/apis/bing-web-search-api
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accurate identification and extraction of the most pertinent paragraphs while miti-

gating the influence of irrelevant content. In the following sections, both models will

be discussed in detail.

3.3.1 Neural Network Model

Transformer-based neural language models have become state-of-the-art for generat-

ing contextualized text representations. As described in Appendix A.6.1, pre-trained

transformer encoders can encode both individual tokens and entire sequences into

dense vector embeddings that capture semantic meaning. This advanced capability

enables us to effectively map textual claims and evidence paragraphs into numerical

representations suitable for comparison and analysis. In this study, we leverage the

capabilities of a readily available pre-trained transformer encoder known as Distil-

BERT [69].

DistilBERT is a transformer encoder that employs a technique known as knowledge

distillation during its pre-training phase. In this approach, the authors use the BERT

[21] model as a teacher and the DistilBERT model as a student to enhance learning.

The overall architecture of DistilBERT closely resembles BERT, with a specific focus

on optimizing computational efficiency by reducing the number of layers by half.

To achieve this, the authors initialize the student model with knowledge from the

teacher model, employing every other layer. DistilBERT is trained on the same

dataset as the original BERT model. The training process involves a loss function

that combines the distillation loss Lce, the supervised training loss, which includes

the masked language modeling loss Lmlm, and a cosine embedding loss Lcos that

aligns the hidden state vectors of the student and teacher models.

To compute the similarity between a claim and retrieved paragraphs, they are ini-

tially transformed into tokens. Let C = {c1, . . . , cn} represent a claim with n to-

kens, and P = {p1, . . . , pm} denote a paragraph with m tokens. The DistilBERT
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encoder takes an input item x and generates a real-valued vector as its encod-

ing. Just like BERT, DistilBERT includes special classification tokens [CLS] and

[SEP] at the sequence’s start and end, respectively. This means that P is en-

coded as ([CLS], p1, . . . , pm, [SEP]), with the final representation of the [CLS] to-

ken, h[CLS] ∈ Rd, as the paragraph encoding p. Similarly, the claim C is encoded

as ([CLS], c1, . . . , cn, [SEP]) and then processed by DistilBERT to obtain the claim

encoding c.

The similarity between the claim and paragraph is determined by calculating the

inner product of their representations:

sim(c, p) = c · p = c⊤p (3.1)

In the study by [52], two fine-tuned BERT models were employed, one for encoding

questions and another for encoding associated passages. In contrast, in this study,

a pre-trained DistilBERT is utilized in a zero-shot manner to encode both a claim

and its corresponding paragraphs without requiring any additional fine-tuning.

3.3.2 Statistical Model

While DistilBERT excels in contextual understanding, we enhance its performance

by identifying and retrieving paragraphs that contain the words present in the claim

as closely as possible. To achieve this, we incorporate the Okapi BM25 algorithm,

a powerful zero-shot model that has demonstrated superior performance over super-

vised neural models in various applications [68].

The Okapi BM25 algorithm is a widely used information retrieval method that as-

sesses the relevance of a document with respect to a given query. This algorithm

takes into account the term frequency and inverse document frequency of the query

terms, as well as the length of the document and the average length of documents
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in the collection.

For a claim C and a paragraph P , BM25 is calculated as the following similarity

score:

BM25(P, C) =
n∑

i=1
IDF (ci) · f(ci, P ) · (k1 + 1)

f(ci, P ) + k1 · (1 − b + b · |P |
avgdl

)
(3.2)

where n is the number of claim words, f(ci, P ) is the frequency of the ith claim term

in the paragraph, |P | is the length of the paragraph, avgdl is the average length

of paragraphs in the collection, k1 and b are hyperparameters, and IDF (ci) is the

inverse document frequency of the ith claim term, defined as:

IDF (ci) = log
N

n(ci)
(3.3)

where N is the total number of paragraphs in the collection and n(ci) is the number

of documents that contain the ith claim term. The higher the Okapi BM25 score of

a paragraph, the more relevant it is to the claim.

To arrive at the ultimate score, we combine these two scores. However, it’s impor-

tant to note that the neural network similarity score often has a significantly larger

magnitude compared to the statistical score. Thus, a simple summation wouldn’t

accurately reflect the influence of the statistical score. To address this, both the neu-

ral network and statistical scores undergo L2 normalization. The L2 normalization

of a vector is computed as follows:

norm(v) = v
∥v∥2

(3.4)

where

∥v∥2 =
√√√√ n∑

i

v2
i (3.5)

After the normalization of the similarity vectors, the final similarity score for a

claim and a paragraph is obtained by summing their normalized neural network and
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Paragraphs

Claim

DistilBERT Encoder

Claim  Paragraph

BM25

Neural Network Model:

Statistical Model:

Calculating the distance

22.9
26.27
12.60

22.2
1.65

2.43
4.71
4.7

3.02
1.52

Encoding the claim and paragraphs

0.41
0.47
0.22

0.4
0.02

0.24
0.47
0.47

0.3
0.15

L2 Normalization

0.62
0.89
0.64

0.67
0.15

Final Score

Figure 3.2: Illustration of the ranker procedure. Paragraphs and the claim are
encoded into d and |V | dimensions using DistilBERT and BM25 models, respectively.
The claim’s distance from each paragraph is computed, and both similarity vectors
undergo L2 normalization. The final score is a combination of DistilBERT scores
and a weighted BM25 score.

statistical similarity scores:

sim(c, pi) = λ < cbm25, pbm25
i > + < cnn, pnn

i > (3.6)

Here, λ represents an interpolation hyper-parameter that adjusts the relative weight

between the BM25 and neural model contributions, and pi denotes the i-th paragraph

within the collection of retrieved paragraphs with respect to claim c. Once the

paragraphs are scored, the top-k paragraphs exhibiting the highest similarity scores

are chosen as the supporting evidence.

3.4 Reasoner

When a collection of evidence is available for a claim, humans can naturally deter-

mine the claim’s accuracy based on that evidence. The innate ability for logical

reasoning is a shared trait among humans, irrespective of the depth of their reason-

ing. This reasoning prowess is a trait that researchers aim to impart to machine
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learning models. Recent advancements, like large language models (LLMs), have

shown promise in this area, demonstrating emerging capabilities, including logical

reasoning. This discussion explores how this ability is used to assess the truthfulness

of a claim using evidence sourced from the web.

The last component in the Triple-R system is the reasoner, accomplished by develop-

ing a causal language model. As discussed in Appendix A.6.2, causal language models

are skilled at generating text. We utilize this capability to create reasons and labels

for given claims and evidence pairs. Consider a dataset D = {(c1, y1), . . . , (cN , yN)}

with N samples, where each ci is a claim, and yi is its corresponding label. For every

claim ci, the retriever identifies a set of Internet articles denoted as Ai = {ai
1, . . . , ai

m},

where m represents the number of top articles. The ranker then breaks down these

articles into paragraphs and selects the top-k most relevant paragraphs for the claim.

This forms the evidence set ei = {e1
i , . . . , ek

i }. Ultimately, when presented with a set

of evidence and a claim, the role of the reasoner is to generate both the reason and

the label.

reasoner({e1
i , . . . , ek

i }, ci) = (ri, ŷi) (3.7)

To fine-tune a causal language model for generating reasons and labels based on

input evidence-claim pairs, a suitable dataset with annotated reasons is essential for

the fine-tuning process. However, many existing datasets lack these annotations,

which are vital for establishing the connection between claims and their supporting

evidence. Without this linkage, the model’s learning process could be hindered. In

the following subsection on reason generation, we explore how to create a synthetic

dataset where each claim is provided with a reason derived from the evidence. The

subsequent part covers the fine-tuning process, detailing how the causal language

model is refined using this synthetic dataset to proficiently generate both reasons

and labels for the input claims.
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3.4.1 Reason Generation

To fine-tune a model for generating reasons from evidence, an annotated dataset

is crucial. In this dataset, each claim must be associated with a natural language

reason derived from the gathered evidence. This connection is vital because the

model needs to understand how to draw logical reasons from the evidence. One way

to construct such a dataset is to enlist human annotators to create reasons based

on the evidence for each claim. However, this method is expensive, time-consuming,

and demands expertise in reason formulation. Hence, an alternative approach is

necessary to address this challenge effectively.

Recent years have witnessed remarkable progress in natural language processing,

particularly in text generation tasks, driven by the increasing of language models’

weight size and training data. These advanced models also exhibit emerging capa-

bilities not observed in their predecessors. One such capability is in-context learning

(ICL), introduced by GPT-3 [13]. ICL leverages a well-structured natural language

prompt, incorporating task descriptions and a few task examples as demonstrations.

This prompt configuration comprises a task description followed by task-specific

examples from the dataset, meticulously sequenced using specific templates. The re-

sultant prompt, enriched by adding the test instance to these demonstrations, serves

as input to large language models (LLMs) to generate desired outputs. Through

a thorough analysis of the task description and demonstrations, LLMs gain insight

into the task’s essence and the underlying patterns, enabling them to tackle novel

tasks without explicit gradient adjustments. Further elaboration on the concept of

in-context learning can be found in Appendix A.7.

The ICL method utilizes natural language prompts and requires no changes in the

model’s architecture, allowing for flexible template design and manipulation. Re-

searchers introduced the Chain-of-Thought (CoT) [90] technique as an improved

prompting method, enhancing large language models’ (LLMs) performance in intri-
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Claim: Trump Management was charged with discriminating against African-
Americans and breaking federal law.
Evidence:
1. That year, the federal government filed a complaint against Trump, (...)
2. In October of that year, the federal government filed a complaint (...)
3. Clinton said that Trump "started his career back in 1973 (...)
4. Says Donald Trump "started his career back in 1973 (...)
Reason: Trump Management, which included Donald Trump and his father Fred
Trump, was indeed charged with violating the Fair Housing Act and engaging in
racial discrimination against African-Americans. The federal government filed a
complaint in 1973, alleging that Trump Management refused to rent apartments
to African-Americans based on their race, which is a violation of federal law. This
charge and subsequent legal action demonstrate that Trump Management was
accused of discriminatory practices and breaking federal law.
Label: true

Table 3.1: Table illustrated an example of reason generation. The reason and label
are generated based on the pair of the claim and evidence.

cate reasoning tasks like arithmetic, commonsense, and symbolic reasoning. CoT

involves a series of succinct sentences simulating human reasoning, enabling LLMs

to break down complex problems into manageable intermediate steps. This ap-

proach proves beneficial for tasks exceeding standard few-shot prompting capabili-

ties. Combining CoT with large-scale LLMs yields significant performance enhance-

ments across diverse reasoning tasks. The CoT method is detailed in Appendix

A.8.

Building upon the concepts of ICL and CoT, we utilized a large language model

to construct a synthetic dataset. Let M represent the large language model, and

D = {(e1, c1, y1), . . . , (eN , cN , yN)} denote the dataset. Following the CoT approach,

we randomly select k examples from this dataset, where k is significantly smaller than

N , and manually compose natural language reasons for the claims based on their re-

trieved evidence. This process yields a natural language prompt P = {I, d1, . . . , dk},

where di is f(ei, ci, ri, yi), a function mapping the i-th set of evidence, claim, reason,

and label to a natural language prompt. Figure 3.3a illustrates the process for gen-

erating a reason and label for a sample. Here, ri is the written reason for claim ci
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based on the retrieved evidence ei, and I provides an instruction describing the fact

verification task to the large language model. Similar to the few-shot prompting in

the ICL method, we append each example in D to the prompt P . Given this input

prompt, the large language model’s output for the pair (ej, cj) from the test set can

be formulated as follows:

M(I, d1, . . . , dk︸ ︷︷ ︸
demonstrations

, f(ej, cj︸ ︷︷ ︸
test

, ︸ ︷︷ ︸
reason

, ︸ ︷︷ ︸
label

)) → (rj, ŷj) (3.8)

Following the provided instruction, the model comprehends the task and then em-

ploys the pattern of reasons outlined in the prompt P to generate both a reason rj

and a label ŷj. The demonstrations guide the model to reason based on the informa-

tion provided in the evidence section. If the model accurately predicts the label, we

naturally assume that it effectively utilizes the evidence to produce a logical reason

leading to the accurate answer. Therefore, we focus solely on reasons that correspond

to correct answers, (ŷj = yj).

The success of ICL greatly hinges on well-designed demonstrations within the prompt.

Given the input evidence and claim, the model generates the reason and label, form-

ing two key segments in each demonstration: the input part comprises the evidence

and claim, while the output part encompasses the reason and label. This gives rise

to two permutations for both input and output arrangements. While it’s feasible to

position the claim before the evidence in the input, studies have demonstrated that

arranging the claim after the evidence leads to greater accuracy [46]. Additionally,

it’s possible to place the reason after the label. This approach makes the model first

predict the label and then generate the reason, isolating whether the model actually

depends on the produced reason. However, such a configuration tends to yield poorer

performance compared to the alternative, as the produced reason significantly aids

the model in making more informed decisions [90], Table 3.1 shows an example of
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reason generation.

Generating reasons for claims using this approach has a limitation: progress stalls

when the model struggles to create a reason for a claim. This is due to the lack

of training signals from unsuccessful examples. Taking inspiration from the STaR

method [93], we adopt a technique known as rationalization. In this process, we

provide the model with the correct label as a hint and ask it to generate a reason

in a manner similar to the earlier reason generation step. With the label at hand,

the model can work backward, making it easier to formulate reasons that lead to

the correct answer. For example, as shown in Figure 3.3b, we embed the hint in

the prompt within parentheses to guide the reason generation. Rationalization is

applied to claims where the model fails to accurately predict the label. When we

include a reason generated through rationalization in the synthetic dataset, we omit

the hint from its corresponding prompt, giving the impression that the model devised

the reason autonomously. Figure 3.4 provides an overview of the entire process for

generating reasons for each claim. Table 3.2 provides an example where the model

initially failed to predict the correct label, but achieved success when rationalization

was applied.

The STaR [93] method leverages the existing reasoning abilities of an LLM, using

iterative bootstrapping to generate rationales. The model generates its own ratio-

nales through few-shot prompts, and when it struggles with a particular problem, a

rationale is crafted by providing the model with the correct answer as a hint. After

creating a rationale for each example, the model’s proficiency is refined by fine-

tuning on rationales that lead to accurate answers. This iterative process, where

enhanced rationale generation refines training data, and improved training data, in

turn, boosts rationale generation, is synergistic. This cycle is repeated until the

model does not show any improvement. Notably, the original pre-trained model is

trained on the newly collected dataset to prevent overfitting, avoiding continuous
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Evidence

Claim

Reason

Label

LLM

Example 1

Example k

...

The evidence for the current
claim

The current claim

Reason

Label

(a) Without hint

Evidence

Claim (Label)

Reason

Label

LLM

Example 1

Example k

...

The evidence for the current
claim

The current claim (Label)

Reason

Label

(b) With hint

Figure 3.3: (a) The structure of the prompt which forces the model to generate a
reason and a label according to the examples in the prompt. Each example contains
evidence, claim, reason, and label. (b) For the prompt in the rationalization method,
we add the actual label as a hint at the end of claims for current input and examples.
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Without hint Claim: President Obama’s refusal to grant permits for
offshore drilling is one reason gasoline prices are soaring.
Reason: The claim that President Obama’s refusal to
grant permits for offshore drilling is one reason for soar-
ing gasoline prices is not entirely accurate. While it is
true that President Obama had implemented regulations
and restrictions on offshore drilling, it is an oversimplifica-
tion to attribute rising gasoline prices solely to this factor.
Gasoline prices are influenced by a multitude of factors,
including global oil prices, supply and demand dynamics,
geopolitical events, and market speculation. It is impor-
tant to consider the complex nature of the energy market
and the various factors that contribute to fluctuations in
gasoline prices.
Predicted label: half-true

With hint Claim: President Obama’s refusal to grant permits for
offshore drilling is one reason gasoline prices are soaring.
(hint the label is pants-fire)
Reason: The statement that President Obama refused to
grant permits for offshore drilling as a reason for soaring
gasoline prices is false. In reality, President Obama did
grant permits for offshore drilling during his presidency.
In fact, his administration expanded offshore drilling in
certain areas, although it also implemented safety regu-
lations following the Deepwater Horizon oil spill. Gaso-
line prices are influenced by a variety of factors, including
global oil prices, supply and demand dynamics, geopoliti-
cal events, and market speculation. It is misleading to at-
tribute rising gasoline prices solely to President Obama’s
actions regarding offshore drilling permits.
Predicted label: pants-fire

Table 3.2: This table illustrates the impact of the rationalization method. Initially,
the model’s label prediction was incorrect; however, upon applying rationalization,
it generated both the correct reason and label.
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Evidence, Claim LLM Reason, Label

Correct

Evidence, Claim,
Reason, Label

Wrong

HintReason, Label

TextCorrect

Rationalize

Synthetic Dataset

Figure 3.4: Rationalization process overview: The model predicts a reason and label
based on the input prompt. If the label prediction is accurate, the resulting reason,
alongside the evidence and claim, is included in the synthetic dataset. In case of an
incorrect prediction, the model undergoes rationalization, involving the addition of
a hint to the input prompt. If the model can then accurately predict the label with
the hint, the reason, along with the evidence and claim (without the hint), is added
to the dataset.
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training of a single model. However, in this study, we deviate from the fine-tuning

step. After generating the initial reasons, we compile them into a synthetic dataset.

3.4.2 Fine-tuning

In recent years, pre-trained large language models have proven to be effective in

solving various natural language processing (NLP) tasks in zero-shot or few-shot set-

tings. Although in zero-shot or few-shot settings, the need for the task-specific data

is solved, it has been observed that fine-tuned models still outperform pre-trained

models in many cases [13]. Moreover, the cost of maintaining large language models

can be prohibitively high due to their massive number of parameters. Therefore, the

development and utilization of smaller models are critical for practical applications

of NLP.

Pre-trained language models amass substantial knowledge during pre-training through

vast datasets. To utilize this knowledge for the fact verification task, a method called

fine-tuning is employed. Fine-tuning entails constructing task-specific applications

atop pre-trained models and adjusting either the entire set or a small subset of

application-specific parameters. This procedure demands task-specific label data,

which is obtained during the reason generation phase.

In this study, we perform fine-tuning on a pre-trained transformer decoder, utilizing

the transformer architecture [84]. This decoder is designed to accept text input and

produce text output, making it well-suited for tasks involving generation, such as

contextual generation, summarization, and machine translation. The transformer

decoder employs a self-attention mechanism to map input tokens (x1, . . . , xn) to

corresponding output embeddings (y1, . . . , yn) of equal length. For a comprehensive

understanding of the self-attention mechanism, refer to Appendix A.6.1.1.

Transformer decoders function as causal language models, generating words step by

step based on previous choices. This involves assigning conditional probabilities to
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Evidence Tokens
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Reason Tokens
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Cross-entropy loss

Softmax over
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Figure 3.5: Illustration of the fine-tuning process using a transformer decoder as
the causal language model. The model takes in the evidence, claim, reason, and
label as inputs. For a given input token sequence (x1, . . . , xi), the model predicts
the probability of the next token xi+1 using the softmax function. This probability
is utilized to calculate the error through the cross-entropy loss function. The total
loss for the input sequence is obtained by summing up the losses for the reason and
label tokens.

potential next words, forming a probability distribution across the vocabulary. By

using the chain rule, these models estimate the sequence probabilities by combining

conditional probabilities for each word:

P (w1:n) =
n∏

i=1
P (wi|w0, . . . , wi−1) (3.9)

After creating the new dataset containing the generated reason, this curated dataset

is used to fine-tune a transformer decoder. In this dataset, every sample is the

concatenation of evidence, a claim, a generated reason, and, in the end, a label,

Xi = f(ei, ci, ri, yi), where f is a function that maps its input into a natural language

prompt. In contrast to the pre-training step, in which the loss is calculated for every

token, in this work, the loss is only calculated for the target tokens. In other words,

given the evidence, claim, reason, and label, the loss is only calculated based on

the reason and label tokens. Therefore, the model calculates the probability of the
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reason and label given the evidence and claim. The loss for a sample is calculated

using the cross-entropy loss function, which is the negative log probability the model

assigns to the next token in the training sequence:

LCE(x̂, x) = −
N∑

i=r

log(x̂i)

where x is the input sequence, and x̂ is the predicted tokens. Also, r is the index

where the reason tokens begin and 1 ≤ r ≤ N , and N is the number of tokens in

the input prompt. The model estimates this probability by using a softmax function

over the set of possible outputs:

p(xt|xt−1, . . . , x1) = softmax(Wht + b) (3.10)

where ht ∈ Rd is the output vector of the neural network at time t, W ∈ R|V |×d is a

parameter matrix that is learned during training and maps the output vector into a

set of scores for tokens. Figure 3.5 illustrates the input and output of the reasoner

model.

After training, our fine-tuned model is employed to generate reasons and labels for

test samples. This process involves executing the retriever and ranker steps on the

test samples to gather supporting evidence. By combining the retrieved evidence

with the claim, we create a natural language input prompt Xj = f(ej, cj), where the

function f maps them into the appropriate format. Using this prompt, our fine-tuned

model generates a reason and corresponding label:

(rj, ŷj) = reasoner(ej, cj) (3.11)

To extract the label, we incorporate a specific sentence in the reason generation step

that encloses the label. After the model’s output is generated, we search for this
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sentence to extract the label, which is then used for evaluation purposes.

3.5 Concluding Remarks

In this chapter, we have introduced the Triple-R framework, which is designed to

perform logical reasoning like humans and verify claims. The framework consists of

three main stages, replicating the step-by-step process that humans usually follow

when evaluating the accuracy of claims. This comprehensive overview provides a

clear understanding of the proposed framework.

The first stage, the Retriever, focuses on gathering relevant contextual information

from the web to provide knowledge regarding the claim. This is accomplished by

searching the claim verbatim using a search engine API and retrieving the top articles

returned. The inclusion of this external knowledge source is a vital aspect that

provides the model with up-to-date information to better handle the dynamic nature

of fact-checking.

The second stage, the Ranker, serves to filter the retrieved information, selecting only

the most useful evidence. This is achieved through a hybrid ranking model that scores

paragraphs based on their relevance to the claim using both a neural network and a

statistical model. The neural network leverages contextualized embeddings from a

transformer encoder to capture semantic similarity. Meanwhile, the statistical model

identifies key overlapping terms using BM25. By combining these complementary

approaches, the model can accurately retrieve the most pertinent passages.

The final stage, the Reasoner, is the core of the framework, performing the logical

reasoning to assess the claim’s veracity. This reasoning process is made possible

through recent advances in generative causal language models. Specifically, first, a

large language model is leveraged to generate natural language reasons for samples

in the training dataset given a specific input prompt. Then, this curated dataset is
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used to fine-tune a smaller language model so it can take new claim-evidence inputs

to simultaneously produce a veracity label and reason.

A key benefit of Triple-R is its incorporation of external knowledge and replication

of human logical reasoning, providing an advantage in tackling the dynamic nature

of fact-checking. Moreover, the framework requires no human-written reason for

training data, instead relying on a data generation process. Overall, Triple-R offers

a novel approach to claim verification that closely emulates the human process.

Moving forward, the next chapter will discuss the implementation specifics and exper-

imental setups used to evaluate Triple-R’s performance on benchmark fact-checking

datasets. The empirical results will demonstrate how the proposed framework com-

pares against existing baselines and benchmarks on this complex reasoning task. The

analyses will provide insights into the capabilities and limitations of the framework.
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Chapter 4

Implementation and Results

4.1 Overview

In this chapter, we focus on implementing the proposed methods and evaluating

their effectiveness. We begin by explaining the techniques used for implementation.

Then, we discuss the obtained outcomes and evaluation methodologies. This chapter

presents the practical realization and empirical assessment of our proposed methods.

4.2 Implementation

In this section, we detail the techniques and tools employed to implement each com-

ponent of the framework, covering aspects such as models, data, software libraries,

and computing infrastructure. We also address important implementation challenges

and their corresponding solutions. As outlined in the proposed method chapter, the

framework comprises three main components: retriever, ranker, and reasoner. Con-

sequently, this section is divided into three sub-sections, each dedicated to explaining

one of these components.

The framework is built using Python, a high-level programming language recognized

for its simplicity, readability, and rich standard library. With its straightforward syn-
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Figure 4.1: Python code implementing the Retriever component to extract relevant
paragraphs from the web. The key steps include using the Bing API to obtain search
result URLs, downloading and extracting text from the HTML content, splitting into
paragraphs, and filtering based on length. Comments clarify how the code reflects
the process of leveraging search engines and web scraping to gather textual evidence
paragraphs given an input claim.

tax and wide array of modules, Python is well-suited for tasks spanning web develop-

ment, data analysis, scientific computing, and artificial intelligence. Its adaptability

and ability to work across platforms have led to its widespread adoption across a

spectrum of applications, ranging from small scripts to intricate software systems.

4.2.1 Retriever

To retrieve relevant articles, we make use of the Bing Web Search API1, performing

a direct search with the claim text. We utilize the Request library to interact with
1https://www.microsoft.com/en-us/bing/apis/bing-web-search-api
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this API, which offers a simple and Pythonic way of handling HTTP requests and

web APIs. This library’s design abstracts HTTP complexities, simplifying tasks like

GET, POST, and PUT operations. By using the GET method, we send the claim

as a parameter within the "params" variable for URL parameters. Additionally, we

include the subscription key in the headers to accompany the API request. Once the

API result is received, it’s converted into JSON format for further processing.

Upon obtaining the search results, we select the top-3 URLs for further analysis

and content retrieval. Empirically, we have observed that analyzing the top-3 URLs

provides sufficient context to either support or refute the claim, with additional

URLs adding redundant information. This involves crafting a function designed to

fetch a URL’s content using the Request library. The function incorporates specific

constraints. A 10-second timeout is implemented to avoid links with sizable files.

Additionally, the Content-Type value from the HTTP header is checked; if not

text/html, the function returns an empty string. This step ensures the content

retrieved is in HTML format rather than other file types like PDFs or PowerPoint

presentations. Efficiency is enhanced by the parallel execution of this function. Since

it’s primarily an IO-bound process, we opt for multithreading over multiprocessing.

The downloaded content from URLs arrives in HTML format. Initially, we extract

text enclosed within HTML tags and further refine it for clarity. Specifically, we

target the text within the body HTML tag. To do this, we utilize the Beautiful

Soup library, a Python tool for parsing structured data. This library enables HTML

interaction akin to developer tools on a web page. Once the content becomes a

Beautiful Soup object, selection of the body tag is possible. Text extraction from

the HTML tags inside body is executed using the html2text package2, a Python

script streamlining HTML-to-ASCII conversion. Despite html2text’s proficiency in

text extraction, it retains some undesired content like URLs, internal links, and
2https://pypi.org/project/html2text/
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certain punctuation. To tackle this, we design custom Regex patterns to purify the

text by eliminating these superfluous elements.

Once the textual content of URLs is obtained, it is segmented into paragraphs. This

segmentation process involves identifying instances of \n, which denotes a new line in

the content. After this initial splitting, paragraphs with empty content or containing

fewer than 20 words are systematically filtered out. This two-step process ensures

that the extracted paragraphs are meaningful and substantial in length.

4.2.2 Ranker

The ranker takes as input a list of paragraphs from the retriever. As outlined in

the proposed method chapter, it aims to identify the paragraphs most relevant to

the claim using a hybrid neural network and statistical model. The neural network

computes semantic similarity between the claim and each paragraph. Meanwhile,

the statistical model identifies key overlapping words. By combining these comple-

mentary techniques, the most pertinent paragraphs can be accurately extracted for

use as evidence. The following sections detail the technical implementation of both

models within the ranker.

The neural network model leverages DistilBERT [69], a condensed and optimized

version of the BERT model [21]. DistilBERT retains 97% of BERT’s language un-

derstanding skills while being 60% faster and 40% smaller in size, making it more

efficient. This is achieved by reducing the number of encoder layers from 12 in

BERT-base to just 6, without compromising too much accuracy. Furthermore, Dis-

tilBERT preserves the 512 tokens input length. The combination of strong perfor-

mance, smaller footprint, and speed enhancements makes DistilBERT well-suited as

an encoder for the ranker compared to the larger BERT model.

To implement DistilBERT, we use the SentenceTransformers package3, a versatile
3https://www.sbert.net/
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Python framework known for its ability to generate embeddings for text, sentences,

and images. This framework supports over 100 languages and allows users to com-

pute embeddings that can be compared using techniques like cosine similarity to find

similar sentences. It provides a variety of pre-trained models fine-tuned for differ-

ent tasks, and for this work, we opt for the distilbert-base-cased model. After

initializing the model, it takes a list of string values as input and returns the corre-

sponding encodings. To achieve this, the package tokenizes each item in the input

list using the WordPiece [91] tokenizer, which automatically adds special tokens like

[CLS] and [SEP] to the input. Utilizing pre-trained language models reduces the

need for extensive preprocessing, eliminating the need for particular pre-processing

steps. Once tokenized, the input is passed to the model, and the vector for the [CLS]

token is used as the input embedding. Finally, all these embeddings for the list of

texts are aggregated into a NumPy matrix4.

To compute the similarity between the claim and the related paragraphs, we in-

dividually feed them into the model for encoding. This results in two matrices,

P ∈ RN×768 and C ∈ R1×768, where N represents the number of paragraphs, and 768

signifies the dimension of the DistilBERT’s last hidden layer. The similarity score is

determined by taking the inner dot product between these matrices, which we effi-

ciently calculate using NumPy’s built-in functions. Subsequently, we normalize the

scores using the scikit-learn package, a Python-based, open-source machine learning

library. Figure 4.2 illustrates the code for the process.

The retriever’s other component is the statistical model, employing the BM25 al-

gorithm [68]. Unlike the DistilBERT model, which is capable of handling raw text

effectively, the BM25 requires multiple preprocessing steps to enhance its perfor-

mance. These preprocessing steps are facilitated through the spaCy package5, an

open-source library renowned for advanced natural language processing. Specifically,
4https://numpy.org/
5https://spacy.io/
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Figure 4.2: Python code snippet demonstrating the implementation of the neu-
ral ranker using DistilBERT embeddings. The key steps shown include encoding
the claim and paragraphs into vector representations, computing similarity via dot
product, normalizing the scores, and returning the final rankings.
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we employ the en_core_web_lg pipeline, which integrates various text processing

components of spaCy, including tagger, lemmatizer, parser, and entity recognizer.

The preprocessing steps consist of the following:

• Lowercasing: To ensure case insensitivity, all words are converted to lower-

case. This ensures that words like "Book" are represented consistently, regard-

less of case.

• Special Character Removal: The text is cleansed of special characters,

including double quotes, punctuation, and possessive pronouns.

• Stopword Removal: Common and non-meaningful words, or "stopwords,"

such as "I" and "the," are removed. This step is vital as it allows the model to

focus on informative words that convey the most significant information.

• Tokenization: Text tokenization breaks the text into smaller, meaningful

units, facilitating detailed analysis in the context of other elements.

• Lemmatization: Lemmatization, a fundamental natural language processing

technique, reduces words to their base or root form, known as a "lemma." Its

primary purpose is to normalize words, ensuring different forms of the same

word are treated as one. For instance, in English, words like "running," "ran,"

and "runs" are all lemmatized to the common lemma, "run." Even words like

"better" and "best" are reduced to their shared lemma, "good." Importantly,

lemmatization considers a word’s part of speech, generating accurate lemmas

depending on whether a word functions as a noun, verb, adjective, or another

grammatical role.

After preprocessing both the paragraphs and the claim, we apply the BM25 algorithm

to them. To execute this algorithm, we harness the rank_bm25 package6, which
6https://github.com/dorianbrown/rank_bm25
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Figure 4.3: Python code for the statistical ranker using BM25. The key steps in-
clude text preprocessing with spaCy, applying the BM25 algorithm from rank_bm25
package, calculating relevance scores for the claim, normalizing scores, and returning
the final rankings.
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offers various versions of BM25 algorithms. Specifically, we employ the BM25Okapi

algorithm. Initially, we provide the preprocessed paragraphs to the algorithm to

compute the associated weight for each word. This step is crucial for determining

the importance of words within the paragraphs. Subsequently, the preprocessed

claim is passed through the algorithm to ascertain its relevance score concerning

the paragraphs. This score reflects how closely the claim aligns with the content of

the paragraphs. After obtaining all the scores, we perform normalization using the

scikit-learn normalization function.

To calculate the final score, we introduce a weighting parameter, denoted as λ. This is

due to the recognition that the scores obtained from the neural network ranker carry

more critical information. Consequently, we merge these two sets of scores. In our

study, we have determined that setting λ to 0.9 achieves an optimal balance between

the BM25 ranker and the neural network ranker. Following the ranking process of the

paragraphs, we opt to select the top four paragraphs as the evidence. Our findings

suggest that these four paragraphs typically encompass sufficient information to

ascertain the veracity of a given claim.

4.2.3 Reasoner

4.2.3.1 Reason Generation

The reasoner is a language model tasked with generating both a reason and a label

for a given set of evidence and a claim. However, a common challenge in existing

datasets is the scarcity of annotated reasons. To tackle this issue and produce reasons

for each claim based on retrieved evidence, we harness the reasoning prowess of

a Large Language Model (LLM). Research has demonstrated that larger models

exhibit enhanced reasoning abilities [90]. In our case, we utilize GPT-3 [13], an

advanced language model built on the transformer decoder architecture pioneered

by OpenAI. GPT-3 stands out due to its sheer scale, boasting an impressive 175
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billion parameters distributed across 175 layers in its neural network. This extensive

architecture empowers GPT-3 to excel in a wide array of natural language processing

tasks, spanning text generation, translation, and summarization, among others.

We leverage the GPT-3.5-Turbo model, which is accessible via the OpenAI API,

implemented within the OpenAI Python package7. A standout feature of the GPT-

3.5-Turbo model is its multi-turn capability, a significant upgrade from the GPT-3

model, which handles only single-turn text prompts. This advancement empowers

users to provide a series of messages as input, enabling preset scenarios and previ-

ous responses to serve as contextual information for generating more contextually

relevant responses.

To utilize this model, we make use of the chat completions API. The GPT-3.5-Turbo

model processes a list of messages as input and furnishes a model-generated message

as output. While the chat format is primarily designed for facilitating multi-turn

conversations, it remains equally effective for single-turn tasks that don’t involve any

prior conversation.

The primary input is the "message" parameter, which should be an array of message

objects. Each message object includes a "role" (either "system," "user," or "assistant")

and "content." Conversations can vary in length, from a single message to an extended

exchange. Typically, a conversation is structured with an initial system message,

followed by alternating user and assistant messages. The system message serves to

define the model’s behavior. In our case, we set the system message to describe the

task’s purpose: generating a reason based on the evidence and assigning a label to

the claim.

User messages are used to make requests or provide comments for the assistant to

respond to, while assistant messages can serve as a repository of previous assistant

responses or provide examples of desired behavior. In our approach, we convert these
7https://pypi.org/project/openai/
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Figure 4.4: This figure depicts the step-by-step procedure of structuring messages
and utilizing the OpenAI API to generate responses. The process begins with the
creation of an empty message list, followed by the addition of a system message that
sets the model’s behavior. Demonstrations are then included as part of the conver-
sation. Next, a user message is constructed from the evidence and statement in the
training dataset. This user message is added to the message history. Subsequently,
the OpenAI API is called with the conversation history to obtain model responses.
These responses are collected and utilized in the fine-tuning process.
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demonstrations into a structured conversation history. To do this, we randomly select

one example from each label present in the dataset as a demonstration. Then, we

manually craft a reason for the claim based on the available evidence. In each turn

of the conversation history, we designate the evidence and statement in the user role

using Evidence: and Statement: tags, while the reason and label are placed in the

assistant role, marked by Reason:and Label: tags. This structured format guides

the assistant in understanding the context and desired responses.

For each pair of evidence and statement in the training dataset, we format them

using the "Evidence:" and "Statement:" tags and include them as user messages in

our conversation. This message history is then passed to the model through the API.

The model, guided by the provided demonstrations and the defined objectives in the

system message, generates a reason and label for the input.

To extract the label, we employ regex to locate the Label: tag and compare it

with the actual label. In cases where the model fails to correctly predict the label,

we employ a rationalization method. Here, we structure the messages in the same

manner as before but include the actual label as a hint at the end of each statement

in both the demonstrations and the current statement. This provides the model with

additional guidance regarding the veracity of the statement. Figure 4.4 illustrates

the process of creating reasons for the training dataset without the rationalization

method.

It’s worth noting that in addition to the message parameter, we utilize specific set-

tings by sending a temperature of 0.3 and specifying a maximum token length of

300 to the API. The temperature parameter influences the randomness of the gener-

ated text, with lower values making the output more deterministic and higher values

introducing more variability. Also, the maximum token length parameter serves as

a constraint, limiting the length of the generated text to a predefined character or

token limit, ensuring that the output remains within desired boundaries.
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Figure 4.5: The template for the chat version of Llama 2 models.

4.2.3.2 Fine-Tuning

Once the dataset is prepared, we proceed with fine-tuning a smaller language model.

This model strikes a balance between computational efficiency and performance, sur-

passing the resource-intensive GPT-3.5-Turbo model. Specifically, we’ve chosen the

Llama-2-7b-chat model from the Llama 2 family, as detailed in [83]. The Llama

2 family offers three variants with varying parameter counts: 7 billion, 13 billion,

and 70 billion, all trained on a substantial corpus of 2 trillion publicly available

tokens. The Llama 2-Chat, a specialized version of Llama 2, is fine-tuned for dia-

logue applications. This fine-tuning process involves iterative refinements through

Reinforcement Learning with Human Feedback (RLHF), as explained in [59]. RLHF

employs techniques such as rejection sampling and Proximal Policy Optimization

(PPO), as outlined in [72], to bring the model’s behavior in closer alignment with

human preferences and instructions.

To manage dialogues effectively, the creators of Llama 2 developed a prompt tem-

plate tailored for chat variations. Much like the OpenAI chat API, this template

delineates three distinct roles: system, user, and assistant. Illustrated in Figure 4.5,

the guidance nestled between the special «SYS» tokens furnishes contextual cues to

the model, clarifying the anticipated response. This methodology proves effective due

to the consistent format applied during training, encompassing an array of system

prompts designed for diverse tasks.

As the conversation unfolds, every exchange between the user and the model is added

to the existing prompt, enclosed within [INST] markers. For this study, we employ
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Figure 4.6: Comparison of fine-tuning methods and their memory demands. QLoRA
enhances LoRA by introducing 4-bit precision quantization for the transformer model
and implementing paged optimizers to effectively manage memory fluctuations. [20]

the same system message for the reason generation section, as the task remains

consistent across both sections. Here, we define the evidence and claim as the user

message, while the model’s response encompasses the reason and label. To make the

data ready for the model, we use DataCollatorForCompletionOnlyLM data collator

from the trl8 package. This data collator makes sure that the loss is only calculated

for the model answer, not the whole input.

While LLMs exhibit remarkable capabilities, their fine-tuning process can be costly.

Specifically, fine-tuning involves allocating 2 bytes for weight, 2 bytes for weight gra-

dient, and 8 bytes for optimizer state per parameter, totaling 12 bytes per parameter.

For instance, considering the Llama-2 (7b) model, this amounts to 96 gigabytes of

VRAM (7b × 12 bytes). However, our computational resources are limited to a V100

GPU with 16GB of VRAM, which barely accommodates the model’s extensive weight

parameters. To overcome this limitation, we’ve implemented a parameter-efficient

fine-tuning technique known as QLoRA, as discussed in [20].

QLoRA represents an extension of LoRA [33] and introduces a range of innova-

tive strategies to optimize memory usage while maintaining top-notch performance.
8https://huggingface.co/docs/trl/index
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These innovations include:

• NF4 Quantization: NF4 quantization capitalizes on the natural weight dis-

tribution of pre-trained neural networks, typically characterized by a zero-

centered normal distribution with specific standard deviations. By standard-

izing all weights to a fixed distribution within the NF4 range ([−1, 1]), NF4

quantization efficiently quantifies weights without needing resource-intensive

quantile estimation algorithms.

• Double Quantization: To mitigate the memory overhead associated with

quantization constants, Double Quantization proves instrumental. This ap-

proach substantially reduces the memory footprint without compromising per-

formance by quantizing the quantization constants themselves. It involves

utilizing 8-bit Floats with a block size 256 for the second quantization step,

resulting in an economical storage requirement of approximately 0.37 bits per

parameter.

• Paged Optimizers: Paged Optimizers enable the evocation of optimizer

states to the CPU RAM when GPU memory capacity is exhausted, subse-

quently paging them back into GPU VRAM when required for gradient back-

ward passes to update weights. This technique serves as an optimization strat-

egy, particularly beneficial for longer sequences where GPU VRAM proves

insufficient to retain all optimizer states.

These concepts come together to refine the LoRA approach. Low-Rank Adaptation

(LoRA) fine-tuning, described in [33], is a technique that minimizes memory re-

quirements by using a smaller set of adaptable parameters known as adapters while

keeping the model parameters frozen. For a pre-trained weight matrix W0 ∈ Rd×k, its

update is restricted through a low-rank decomposition expressed as W = W0+∆W =

W0 +BA, where B ∈ Rd×r and A ∈ Rr×k, with r << min(d, k). During training, W0
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Figure 4.7: Visual representation of the LoRA process. This method involves the
freezing of pre-trained weights, with a focus on training the low-rank matrices. [33]

remains static, not receiving any gradient updates, while A and B hold the trainable

parameters. It’s important to note that both W0 and ∆W = BA are applied to the

same input, x, and their resulting output vectors are summed coordinate-wise. In

the context of h = Wx, the adjusted forward pass can be expressed as:

h = W0x + ∆W = W0x + BAx

Figure 4.7 illustrates this process.

We perform fine-tuning on the Llama-2 (7b) model using a V100 GPU equipped

with 16GB of VRAM. However, the GPU’s VRAM is barely sufficient to accom-

modate the model’s extensive weights (7b × 2 bytes = 14 GB in FP16). Factoring

in additional requirements for optimizer states, gradients, and forward activations,

we face limitations. To address this, we implement a parameter-efficient fine-tuning

technique known as QLoRA [20]. QLoRA utilizes 4-bit quantization to backpropa-

gate gradients through a frozen pre-trained language model into Low-Rank Adapters,

significantly reducing VRAM usage. We set the QLoRA rank to 8 and the scaling

parameter to 16. The fine-tuning process involves 5 epochs, utilizing the AdamW

optimizer [51] with a learning rate of 1e − 4. A warm-up linear schedule [28] with
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Dataset Statistics
Training set size 10,269
Validation set size 1,284
Testing set size 1,283
Avg. statement length (tokens) 17.9
Top-3 Speaker Affiliations
Democrats 4,150
Republicans 5,687
None (e.g., FB posts) 2,185

Table 4.1: The LIAR dataset statistics

100 warm-up steps is incorporated into the learning rate schedule, with a batch size

of 4 for optimization.

During the fine-tuning process, a tag denoted as "Label: " is added to the end of

each sample, representing the label for the claim. After the models are fine-tuned, a

regular expression (regex) search is conducted to identify this sentence at the end of

the generated text. If the correct format is found, the extracted label is considered

the predicted label for the claim.

The main package used for loading and training the model in this work is trans-

formers from Hugging Face9. Transformers package provides APIs and tools to

easily download and train state-of-the-art pretrained models. To load the Llama-2-

7b-chat model in 4-bit, we use the bitsandbytes package10. The bitsandbytes is a

lightweight wrapper around CUDA custom functions, in particular 8-bit optimizers,

matrix multiplication (LLM.int8()), and quantization functions. Finally, we use the

PEFT package11 to train the LoRA adaptors and combine them with the model

weights after training.
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Figure 4.8: Distribution of statements in the LIAR training set.

4.3 Dataset

In this study, we employ the LIAR dataset [86] to assess our proposed Triple-R

framework. The LIAR dataset consists of 12,836 brief statements manually evaluated

for truthfulness by PolitiFact12. Table 4.1 presents the statistical overview of the

LIAR dataset. Notably, PolitiFact covers a diverse array of political subjects, offering

meticulous judgments with nuanced labels. These labels gauge the truthfulness

level of each statement, spanning from "true" to the most extreme "pants-on-fire"

falsehood, as illustrated in Figure 4.8.

As the claims in the dataset are sourced from the PolitiFact13 website, we restrict

the search engine to retrieve documents only from the PolitiFact domain. We then
9https://huggingface.co/docs/transformers/index

10https://github.com/TimDettmers/bitsandbytes
11https://huggingface.co/docs/peft/index
12https://www.politifact.com/
13https://www.politifact.com/
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select the top three results and score the paragraphs using the ranker component.

To balance the neural network and statistical score, we set the λ = 0.9, and then

select the top four paragraphs.

4.4 Results and Discussion

In our experiment, our framework performs two tasks: identifying relevant evidence

for each claim and generating a reason for the claim based on the identified evidence.

We have compared the performance of our model with other models that classify

claims with and without evidence.

In our ablation study, we contrast the Triple-R framework with two alternative con-

figurations. Given that our proposed framework involves both reason generation and

contextual evidence utilization, one configuration involves a model solely classifying

the statements, while the other entails a model classifying pairs of statements and ev-

idence. As detailed in A.6.1.9, transformer encoders, particularly the BERT model,

prove apt for classification tasks. Hence, we implement the bert-base-uncased model,

encompassing 110 million parameters.

For each input, a designated token [CLS] is inserted at the sequence’s start. The

output of the last layer for this token serves as the sequence representation. In both

configurations, we utilize this vector as the input representation. In the context

of evidence usage, we employ the [SEP] special token to demarcate the claim and

evidence. Following the recommendations in the BERT paper [21], we fine-tune our

model using a set of specified learning rates (5e − 5, 4e − 5, 3e − 5, and 2e − 5), with

the learning rate of 3e − 5 delivering the best results. Both models undergo training

for 2 epochs with Adam optimizer [39] with a batch size of 16. Additionally, we assess

our framework against in-context learning with larger language models to gauge the

efficacy of fine-tuning. For the few-shot classification, we prompted GPT-3.5-Turbo
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Claim: The U.S. Constitution owes its notion of democracy to the Iroquois Tribes.
Evidence:
1. We zeroed in on the meme’s underlying premise, that (...)
2. The meme features the following claim: "The U.S. (...)
3. Even if there was some Iroquois influence, it (...)
4. Similarities in government structure. The Iroquois (...)
Reason: The statement is not entirely accurate. While there were indeed simi-
larities in government structure between the Iroquois Confederacy and the United
States government, it is an oversimplification to claim that the U.S. Constitution
solely owes its notion of democracy to the Iroquois Tribes. The influence of ancient
Greek and European thought, as well as other sources, played a significant role in
shaping the Constitution. The Iroquois Confederacy was one of several influences
that contributed to the development of democratic principles in the United States,
but it is not the sole or primary source.
Label: barely-true
Predicted label: half-true

Claim: Barack Obama’s health care plan "will cost taxpayers $1,700 more to cover
each new person."
Evidence:
1. Obama’s plan "will cost taxpayers $1,700 (...)
2. For evidence that Obama’s plan will cost (...)
3. Sen. Hillary Clinton has a new health care (...)
4. Gruber studied broad models for providing (...)
Reason: The statement accurately reflects the claim made in the Clinton campaign’s
ad and supported by Paul Krugman of the New York Times. Multiple sources,
including Gruber, have found that Obama’s plan, compared to Clinton’s plan, results
in a $1,700 per year difference in per-person costs. This difference in cost is attributed
to the mandate included in Clinton’s plan, which requires everyone to have health
insurance.
Label: barely-true
Predicted label: true

Table 4.2: The tables display two instances of the model’s incorrect label predictions.
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with the same prompt used for the reason generation part.

To evaluate the performance of the models, we use four metrics:

1. Accuracy: Accuracy is a measure of the overall correctness of the model’s

predictions. It calculates the ratio of correctly predicted instances to the total

number of instances:

Accuracy = TP + TN

TN + TP + FN + FP

2. Recall (Sensitivity or True Positive Rate): Recall assesses the model’s

ability to capture all the relevant instances of a class. It calculates the ratio of

true positive predictions to the total actual positives:

Recall = TP

TP + FN

3. Precision (Positive Predictive Value): Precision gauges the accuracy of

the positive predictions made by the model. It calculates the ratio of true

positive predictions to the total predicted positives:

Precision = TP

TP + FP

4. F1: The F1 score is the harmonic mean of precision and recall, providing a

balanced assessment of a model’s performance. It is particularly useful when

there is an imbalance between classes:

F1 = 2 · Precision · Recall

Precision + Recall

Where:
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Models Accuracy (%) Precision (%) Recall (%) F1 (%)
BERT/Without Evidence 29.3 29.83 27.7 27.92
GPT-3.5-Turbo 37.1 36.16 34.35 30.3
BERT/With Evidence 40.29 43.19 39.74 40.83
Llama 2 (7b) 42.72 ± 0.19 50.1 ± 2.7 41.1 ± 0.52 39.16± 0.34

(a) Ablation study result

Accuracy (%)
Wang et al. [86] 27.4
Koloski et al. [41] 26.75
Long et al. [50] 41.5
Triple-R 42.72

(b) Previous works vs. Triple-R framework

Table 4.3: Table (a) presents a comparative analysis of model performance in an
ablation study. Table (b) provides a summary of accuracy scores achieved in previous
studies, contrasting them with the proposed method.

• TP is True Positives (correctly predicted positive instances).

• TN is True Negatives (correctly predicted negative instances).

• FP is False Positives (incorrectly predicted as positive instances).

• FN is False Negatives (incorrectly predicted as negative instances).

Collectively, these metrics offer a comprehensive evaluation of the model’s classifica-

tion performance. For a more robust comparison between models, we conduct five

separate evaluations of the Triple-R framework. The results of these evaluations are

presented in Table 4.3a.

The results of fact verification for the Llama 2 (7b) model’s performance on a subset

of the LIAR dataset are summarized in Table 4.3. The evaluations show that GPT-

3.5-Turbo was only able to generate a reason for around 36% of the dataset during

reason generation, leaving the rest without correctly predicting the label. However,

when combined with the rationalization method, the model managed to generate a

reason for nearly 97.8% of the dataset.
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As illustrated in Table 4.3a, fine-tuning the BERT model exclusively on claims reveals

a substantial performance gap compared to other configurations. This observation

underscores the need for more sophisticated techniques beyond simple text classi-

fication for effective fact verification. Notably, when contextual data is integrated,

the same model with identical settings achieves a significantly higher accuracy. Ad-

ditionally, the Llama 2 (7b) model outperforms the GPT-3.5-Turbo model by nearly

15%, even though the latter generates the training data for the former. Even the

BERT model, fine-tuned on pairs of evidence and claims, outpaces the GPT-3.5-

Turbo model while boasting approximately 1000 times fewer parameters. This leads

us to the conclusion that fine-tuned smaller models can outperform few-shot classi-

fication using pre-trained larger language models. Additionally, we also contrasted

our results with those from previous studies, which can be found in Table 4.3b. In

Table 4.2, two examples are provided where the model failed to predict the correct

label.

Figure 4.9 depicts the confusion matrix, which is the average of five experiments.

The confusion matrix is a visual representation of the model’s performance, provid-

ing a detailed breakdown of its predictions across different classes. This matrix is

particularly useful in multiclass classification scenarios. It consists of four main com-

ponents: True Positives (TP), True Negatives (TN), False Positives (FP), and False

Negatives (FN). Each row of the matrix corresponds to the actual class, while each

column represents the predicted class. The diagonal elements (top-left to bottom-

right) indicate correct predictions, while off-diagonal elements highlight instances

where the model has misclassified.

The confusion matrix provided indicates the model’s best performance on the false

and true classes, as evidenced by the high counts of 179 and 146 on the matrix di-

agonal. The model tends to misclassify pants-fire and barely-true instances as false.

Moreover, there’s a notable confusion between true and mostly-true classes, as indi-

64



Figure 4.9: Confusion matrix illustrating the performance evaluation of the proposed
model. Rows represent actual classes, while columns depict predicted classes.
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cated by the substantial numbers off-diagonal, showing that the model may struggle

to differentiate between these similar classes. The confusion is more pronounced

among adjacent categories, such as pants-fire and false.

To improve the model’s accuracy, two strategies could be employed. The first ap-

proach involves consolidating the labels into two broader categories: true (encom-

passing true, mostly-true, and half-true) and false (including barely-true, false, and

pants-fire). This would simplify the classification task for the model. The second

recommendation is to acquire more data for the classes that are underrepresented,

namely barely-true, mostly-true, and pants-fire, to provide the model with more ex-

amples to learn from and thereby enhance its ability to distinguish between these

nuanced categories.

Within the test set comprising 1283 samples, it’s noteworthy that 19 of these samples

failed to yield any search engine results. Nevertheless, during the evaluation of its

performance on these samples, Llama 2 consistently achieved an average accuracy

of approximately 34.7%. This achievement is particularly notable since the model is

originally trained to make inferences and classifications based on pairs of evidence

and claims. This suggests that the model exhibits the capability to classify claims

independently too.

Furthermore, in the course of five evaluations, the model predominantly made label

predictions as if they were next-sentence predictions. Interestingly, there was a

singular instance where the model generated a label for a claim that did not fall

under the predefined label categories.

4.5 Concluding Remarks

In this chapter, we have presented the implementation details and experimental

results for our proposed Triple-R fact verification framework. We began by explaining
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the techniques and tools used to realize each component, including the retriever,

ranker, and reasoner modules. Careful considerations were made regarding efficiency

and scalability during implementation.

Our framework employs a combination of neural networks and statistical models

for evidence retrieval, leveraging the complementary strengths of semantic similarity

and lexical matching. For reason generation, we harness the reasoning capabilities

of large language models. To balance performance and computational constraints,

the framework culminates in a fine-tuned smaller model.

Through an ablation study contrasting statement-only classification, statement-evidence

classification, and reason generation models, we have demonstrated the value of our

holistic approach. By retrieving contextual evidence and formulating logical reasons,

our method achieves a state-of-the-art accuracy of 42.72% on the LIAR benchmark

dataset.

In the next chapter, we conclude this thesis by summarizing our contributions and

suggesting potential avenues for future work to advance automated fact verification

systems.
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Chapter 5

Conclusions and Future Works

5.1 Conclusions

In the digital age, the surge of false information on social media has made fact veri-

fication an increasingly vital task. While fact-checking agencies strive to counteract

misleading claims, the sheer volume of online content necessitates automated solu-

tions. This thesis introduces the Triple-R framework, an automated system designed

to address this challenge. Triple-R not only evaluates the veracity of claims but also

provides reasons for its judgments, making the decision-making process transparent

and trustworthy for users. By combining factual assessment with explanatory capa-

bilities, Triple-R represents a significant step forward in the field of explainable fact

verification.

We introduced the Triple-R framework, which comprises three pivotal components:

Retriever, Ranker, and Reasoner. Our approach seeks to mimic the human process

of claim assessment by gathering evidence from the internet and conducting reasoned

analysis. The Retriever harnesses the web as its external knowledge source, employ-

ing a search engine to locate pertinent articles related to a claim. Subsequently, it

extracts and segments the content into paragraphs. However, some of these para-
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graphs may contain irrelevant information, potentially introducing noise. To address

this, the Ranker component utilizes a hybrid method to score these paragraphs, lever-

aging two distinct approaches. The first employs a neural network model based on

pre-trained DistilBERT, which gauges the contextual similarity between the claim

and retrieved paragraphs. The second method utilizes Okapi BM25, a statistical

approach that computes scores based on word overlap between the claim and para-

graphs. Together, the Ranker and Retriever components furnish the system with

contextual data, enabling it to remain updated on unobserved events and support

its decision-making process.

Lastly, the Reasoner is anchored in an auto-regressive model based on the transformer

architecture, known as Llama2-7b-chat. We fine-tune this model using evidence and

the claim as inputs, generating a comprehensible rationale for the claim’s veracity

based on the evidence while also assigning a truthfulness label. This generated

rationale not only aids human comprehension of the system’s decision-making logic

but also assists the model in reaching more accurate label assignments for claims.

Training the Reasoner to generate rationales necessitates a dataset comprising a

rationale for each claim, derived from the Retrieved dataset. Yet, the challenge

arises due to varying settings for the Ranker and Reasoner, potentially yielding

distinct sets of evidence. Furthermore, the scarcity of annotated datasets poses

a substantial obstacle to the advancement of explainable fact verification systems.

To surmount this challenge, we introduce a novel method that capitalizes on the

reasoning prowess of an LLM, specifically the GPT-3.5-Turbo model. This method

enables the generation of rationales for individual claims based on their retrieved

evidence.

To evaluate the Triple-R framework’s performance, we carry out an extensive ab-

lation study using the publicly accessible LIAR dataset, benchmarking our results

against previous state-of-the-art methodologies. Our proposed method exhibits note-
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worthy performance, achieving an impressive F1-score of 39.16% and an accuracy

rate of 42.72%. The Triple-R framework offers several distinct advantages when

compared to existing approaches, notably its ability to retrieve evidence from the

web and generate human-readable rationales.

5.2 Future Works

In the future, our approach to explainable fact verification holds the potential for

expansion on various fronts. Firstly, while our current method conducts verbatim

searches for claims on the internet, exploring the extraction of claims in the format

of search queries could yield more specific and relevant document retrieval. Secondly,

in enhancing the Ranker component, we recognize the potential for improved quality

by employing models fine-tuned specifically for semantic search tasks, thus enhanc-

ing the retrieval process. Thirdly, to fortify trust and accuracy, we need to refine our

approach to reasoning. Currently, we associate correct label prediction with accu-

rate reasoning. However, due to the inherent randomness in auto-regressive models,

multiple valid reasons may arise from the same evidence and claim. Thus, it’s crucial

to develop techniques for assessing and selecting the most appropriate response that

synthesizes information from the evidence section, thereby enhancing the model’s

trustworthiness. Fourthly, refining the Reasoner can benefit from advanced tech-

niques like reinforcement learning from human feedback (RLHF), aligning the model

with human preferences, and promoting the generation of more factual and robust

rationales. Fifthly, our evidence-gathering approach considers all websites found by

the search engine. In the future, strategies to prioritize reliable sources in evidence

collection should be developed. Sixthly, we presently consider websites containing

HTML content, but it’s essential to expand our capability to extract evidence from

other information sources, such as PDF files. Lastly, recognizing that misleading
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information exists beyond textual content, there’s a need for the development of

multi-modal models that can incorporate various modalities, including images.

Overall, our proposed Triple-R framework presents a valuable mechanism for com-

bating the spread of misinformation in online social media. It also lays a promising

foundation for future research in the field of explainable fact verification.
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Appendix A

Reasoning with Language Models

Language models have changed the way information is extracted from unstructured

text. Recently, pre-trained language models have become handy tools and have been

applied in a task-agnostic and flexible way for many downstream tasks.

Language models have a wide range of applications, including text classification,

question-answering, and even creative writing. They have been used to improve the

accuracy of language-based tasks such as sentiment analysis and text summarization

and have also been used to generate new text, from writing news articles to composing

poetry.

In this appendix, we will explore the inner workings of language models, their appli-

cations, and their variations. We will also investigate the recent breakthroughs and

the latest research in this field.

Overall, language models are a rapidly advancing field with a wide range of potential

applications, making them an exciting and important area of study.

A.1 What are Language Models

Basically, a language model predicts the next word for a sequence of words. A

simple form of language models is widely used on phones’ keyboards to suggest the
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Figure A.1: A simple application of language models is to suggest the next word on
phones’ keyboards.

next word, Figure A.1. In other words, a language model produces a probability

distribution over a sequence of words. Then, we choose a suitable word for the input

words based on this, Figure A.2. This process is similar to the classification task.

Here, instead of a few classes, the language model classifier has thousands of classes,

and every class represents a token.

I like to drink a cup of Language
Model

0.01%

...

30%

...

25%

...

40%

...

0.02%

aardvark

coffee

tea

water

zyzzyva

Figure A.2: Given a sequence of words, a language model generates a probability
distribution for the next word.
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A.2 The Stages of Language Models

The study of language models (LM) has garnered significant interest in academic

literature, encompassing four distinct stages of advancement:

A.2.1 Statistical Language Models

During the 1990s, statistical learning methods gave rise to the development of sta-

tistical language models (SLMs). These models are built on the concept of the

Markov assumption, which allows for predicting the likelihood of future word units

without extensive consideration of past contexts. The underlying principle involves

constructing a word prediction model using probabilistic techniques.

The n-gram model is widely used as a statistical language model (SLM). In this

model, rather than calculating the probability of a word based on its complete history,

we can estimate the history by considering only the most recent few words.

As an illustration, the bigram model approximates the probability of a word given all

the previous words P (wn|w1:n−1) by considering solely the conditional probability of

the preceding word P (wn|wn−1). For example, instead of calculating the probability

P (coffee|I like to drink a cup of) (A.1)

we make an approximation using the probability

P (coffee|of) (A.2)

This approximation reduces the dependency on the complete context and focuses on

the conditional probability based on the last observed word.

By employing a bigram model to anticipate the conditional probability of the sub-
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sequent word, we make the subsequent approximation:

P (wn|w1:n−1) ≈ P (wn|wn−1) (A.3)

This approximation involves estimating the likelihood of the current word based

solely on the previous word, neglecting the influence of all other preceding words.

For example, to compute a particular bigram probability of a word wn given a pre-

vious word wn−1, we compute the count of the bigram C(wn−1wn) and normalize by

the unigram count for word wn−1:

P (wn|wn−1) = C(wn−1wn)
C(wn−1)

(A.4)

N-gram language models have found extensive applications in improving performance

in tasks related to information retrieval (IR) and natural language processing (NLP),

such as speech recognition, machine translation, and text classification. However,

they encounter the issue of sparsity, where certain N-grams may not be present in the

training corpus, resulting in zero probabilities. This challenge can be addressed by

employing smoothing techniques like Laplace smoothing and Good-Turing smooth-

ing. Another limitation of the n-gram language model is its assumption that a word’s

probability is solely dependent on its preceding N-1 words, which may not hold true

in real-world scenarios. Furthermore, the model fails to capture the semantic nuances

of words and struggles with the inherent ambiguity of language.

A.2.2 Neural Language Models

Neural language models (NLM) aim to capture the likelihood of word sequences by

leveraging neural networks, particularly recurrent neural networks (RNN), among

other architectures.

An influential contribution can be observed in the research by Bengio et al. [12],
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Figure A.3: Illustration of the neural architecture
f(i, wt−1, . . . , wt−n+1) = g(i, C(wt−1), . . . , C(wt−n+1)), where g represents the neural
network and C(i) denotes the feature vector associated with the i-th word [12].
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where they introduced the notion of distributed representation. This approach, akin

to the n-gram model, estimates the probability of the subsequent word based on the

n preceding words. However, what sets it apart is the utilization of a neural network,

i.e., f(wt, . . . , wt−n+1) = P̂ (wt|w1:t−1).

The function f(wt, . . . , wt−n+1) is decomposed in two parts:

1. In the given context, the function C maps each element i from the vocabulary

set V to a real vector C(i) ∈ Rm. This mapping signifies the presence of

distributed feature vectors associated with individual words in the vocabulary.

To implement this concept, the function C is represented by a matrix of free

parameters with dimensions |V | × m.

2. The function g takes an input sequence of feature vectors for words in context,

denoted as (C(wt−n+1), . . . , C(wt−1)), and generates a conditional probability

distribution over words in V for the next word wt. The result produced by g

is a vector, with each element estimating the probability P̂ (wt = i|w1:t−1) as

depicted in Figure A.3.

f(i, wt−1, . . . , wt−n+1) = g(i, C(wt−1), . . . , C(wt−n+1)) (A.5)

Later, the matrix C came to be known as the word embeddings matrix. Rather

than utilizing one-hot vectors, which are vectors with all elements being zero except

for the index corresponding to the particular word being represented (which is one),

word embedding techniques assign words to dense and continuous vectors within a

high-dimensional space. It is a form of feature representation that aims to capture

the semantic and syntactic relationships between words based on their contextual

usage.

Word embeddings are typically learned from large corpora using unsupervised learn-

ing algorithms like Word2Vec [56] and GloVe [60]. These algorithms analyze the
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Figure A.4: Illustrating the three stages of the ULMFiT method, which involves
training a language model (LM) on a general-domain corpus, fine-tuning the pre-
trained LM on the target task data, and performing fine-tuning of the classifier on
the target task data [32].

co-occurrence patterns of words in a given dataset and create dense vector represen-

tations where similar words are closer to each other in the vector space. The resulting

word embeddings can be used as input features for various NLP tasks, such as text

classification, sentiment analysis, machine translation, and information retrieval, to

name a few.

Word embeddings have revolutionized NLP by enabling machines to understand

and process human language more efficiently, bridging the gap between symbolic

representations and numerical computations. They have significantly contributed

to advancements in tasks like language understanding, document clustering, and

semantic search.

A.2.3 Pre-trained Language Models

In its initial stages, an approach called universal language model fine-tuning (ULM-

FiT) was introduced [32]. ULMFiT serves as a transfer learning technique applicable

to a wide range of tasks within natural language processing (NLP). It suggests tech-

niques that enable the fine-tuning of a language model for specific tasks.

ULMFiT, which builds upon the AWD-LSTM architecture [55], follows a three-stage
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process:

1. The language model (LM) undergoes training on a general-domain corpus to

capture the language’s overarching characteristics across different layers.

2. To address the distribution dissimilarity between the general-domain data and

the target task data, the pre-trained LM is subjected to fine-tuning with dis-

criminative fine-tuning and slanted triangular learning rates (STLR). This en-

ables the model to acquire task-specific features.

3. The classifier is fine-tuned on the target task, employing gradual unfreezing

and STLR techniques. This approach preserves low-level representations while

adapting high-level representations.

All three stages are visually represented in Figure A.4.

The introduction of the Transformer architecture has revolutionized the field of Nat-

ural Language Processing (NLP). The Transformer, proposed in the seminal work

"Attention is All You Need" [84], introduced a groundbreaking approach to sequence

modeling and language understanding. It departed from traditional approaches, e.g.,

recurrent neural network (RNN) and convolutional neural network (CNN) models,

and introduced a self-attention mechanism that enables the model to capture de-

pendencies between words in an input sequence more effectively. The Transformer

architecture has demonstrated remarkable performance in various NLP tasks, in-

cluding machine translation, language generation, and text classification. Its ability

to model long-range dependencies and capture contextual relationships in a paral-

lelizable manner has led to significant advancements in the NLP field.

Drawing inspiration from the Transformers architecture, the concept of BERT [21]

was introduced. BERT involves pre-training bidirectional language models with

specifically designed tasks on extensive unlabeled corpora. These pre-trained word

embeddings, which exhibit contextual awareness, serve as highly effective semantic
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features with broad applicability across NLP tasks. Consequently, the introduction

of BERT has significantly elevated the performance standards in the field. The suc-

cess of BERT has sparked a wealth of subsequent research, establishing the paradigm

of pre-training and fine-tuning learning. This paradigm has led to the development

of numerous pre-trained language models (PLMs) that either adopt alternative ar-

chitectures, such as GPT-2 [63] and T5 [65], or employ enhanced pre-training strate-

gies. Within this framework, PLMs are commonly leveraged and adapted to diverse

downstream tasks.

A.2.4 Large Language Models

Through the process of scaling pre-trained language models (PLMs), whether by

enlarging the model size or expanding the training data size, notable advancements

have been observed in downstream tasks. Extensive research has delved into the per-

formance of PLMs by training progressively larger models, exemplified by the 175B-

parameter GPT-3 [13] and the 540B-parameter PaLM [17]. While scaling primarily

revolves around augmenting the model size while retaining a similar architecture

and pre-training tasks, these larger PLMs exhibit distinct behaviors compared to

their smaller counterparts, such as the 330M-parameter BERT and 1.5B-parameter

GPT-2. These complex tasks elicit varied responses from the different-sized PLMs.

For instance, GPT-3 showcases remarkable performance in few-shot tasks through

in-context learning, whereas GPT-2 struggles in comparison. Consequently, the re-

search community has coined the term "large language models (LLM)" to refer to

these magnified PLMs.

In the subsequent sections, a comprehensive exploration of the various architectures

of Transformers models and the emerging capabilities of LLMs will be presented.
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A.3 Language Model Training

Language models, in particular those based on neural networks, have a key advantage

over most machine learning models, which is that they do not require labeled data,

making them well suited for many natural language processing tasks.

Language models utilize self-supervised learning to grasp patterns within text. Self-

supervised learning capitalizes on the inherent structure of data to extract supervi-

sory signals, enabling the prediction of concealed aspects based on observable seg-

ments. In the realm of NLP, a common practice involves masking a portion of a

sentence and predicting the hidden words using the remaining context. Similarly, in

video analysis, future or past frames can be predicted based on the present frames.

By leveraging the intrinsic structure of the data, self-supervised learning can har-

ness diverse supervisory signals spanning multiple modalities like video and audio,

leveraging extensive datasets without explicit reliance on labeled data.

Additionally, obtaining labeled data can be time-consuming and expensive. A self-

supervised model can learn from the massive amount of unstructured and unlabeled

data, which is a more practical solution. Also, developing a model for a specific

task requires designing a task-specific architecture and curating so many hyper-

parameters; however, language models do not need dramatic changes in architecture

for downstream tasks.

The two sections that follow, namely Data Sources and Data Preprocessing, draw

heavily upon the research conducted by Zhao et al. in their paper titled "A Survey

of Large Language Models" [96].

A.4 Data Sources

High-quality, extensive datasets are essential for the pre-training of language models,

particularly large language models, as their model capacities heavily depend on the
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pre-training corpus and its preprocessing. The acquisition of a capable language

model necessitates the aggregation of significant quantities of natural language data

from diverse sources. Typically, existing language models utilize a blend of diverse

publicly available textual datasets as their pre-training corpus.

The origin of the pre-training corpus can be broadly classified into two categories:

general data and specialized data. General data, such as webpages, books, and con-

versational text, is commonly utilized by most language models. This type of data

is preferred due to its vast and diverse nature, making it valuable for improving

language modeling and generalization abilities. Additionally, language models have

demonstrated impressive generalization capabilities, prompting some studies to ex-

tend the pre-training corpus to include more specialized datasets. These specialized

datasets can include multilingual data, scientific data, and code, which provide lan-

guage models with specific capabilities for solving particular tasks. In the following

sections, we will delve into a detailed description of these two types of pre-training

data sources [96].

A.4.1 General Text Data

Most language models commonly utilize general-purpose pre-training data, including

webpages, books, and conversational text, as these sources offer a wide range of

textual information covering diverse topics.

• Webpages: The Internet has played a significant role in generating a wide

range of data, enriching the linguistic knowledge available to language models,

and boosting their ability to generalize. For instance, projects like Common-

Crawl [1] have crawled massive amounts of web data, which is readily accessible

for analysis by anyone. However, web data encompasses a mix of high-quality

content like Wikipedia and lower-quality text such as spam emails. Hence, it

becomes crucial to filter and preprocess webpages to enhance the overall data
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quality.

• Conversation text: Conversational data plays a crucial role in training lan-

guage models to engage in conversations and potentially improve their per-

formance on various question-answering tasks. To incorporate conversational

data, researchers can utilize publicly available conversation subsets, such as

those from platforms like Reddit1, or gather conversation data from online so-

cial media sources. Since online conversational data often involves multiple

participants engaging in discussions, it is beneficial to organize the conver-

sations into a tree structure. This structure links each utterance to the one

it responds to, facilitating effective processing and analysis. By dividing the

multi-party conversation tree into sub-conversations, valuable conversational

data can be collected and included in the pre-training corpus.

• Books: Compared to other sources, books are beneficial to pre-training lan-

guage models in different ways. They are an important source of formal long

texts, which are potentially beneficial for language models to learn linguistic

knowledge, model long-term dependency, and generate narrative and coherent

texts. To obtain open-source book data, existing studies usually adopt Books3

and Bookcorpus2 datasets, which are available in the Pile dataset [27].

A.4.2 Specialized Text Data

Specialized datasets play a crucial role in enhancing the targeted capabilities of

language models for specific downstream tasks. In the following sections, we present

three distinct categories of specialized data.

• Multilingual text: Besides the text in the target language, integrating a

multilingual corpus can enhance the multilingual abilities of language under-
1https://www.reddit.com/
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standing and generation. For example, BLOOM [71], and PaLM [17] have

curated multilingual data covering 46 and 122 languages, respectively, within

their pre-training corpora. These models demonstrate impressive performance

in multilingual tasks, such as translation, multilingual summarization, and

multilingual question answering, and achieve comparable or superior perfor-

mance to the state-of-the-art models that are fine-tuned on the corpus in the

target language(s).

• Scientific text: The rapid growth of scientific publications attests to hu-

manity’s continuous exploration of science. To enrich the understanding of

scientific knowledge within language models, incorporating a scientific corpus

for pre-training proves valuable. By exposing language models to extensive

scientific text during pre-training, they demonstrate remarkable performance

in scientific and reasoning tasks. Constructing the scientific corpus primar-

ily involves aggregating arXiv papers, scientific textbooks, math web pages,

and other pertinent scientific resources. Given the intricate nature of scientific

data, encompassing mathematical symbols and protein sequences, specialized

tokenization and preprocessing techniques are often necessary. These tech-

niques ensure that the diverse data formats are transformed into a standardized

representation suitable for processing within language models.

• Code: The research community has extensively investigated program syn-

thesis, particularly leveraging pre-trained language models (PLMs) trained on

code. However, effectively generating high-quality and precise programs re-

mains a challenge. Recent investigations [16, 10] have revealed that training

language models on a large corpus of code can significantly enhance the qual-

ity of synthesized programs. These generated programs demonstrate successful

execution on expert-designed unit-test cases [16] and proficiency in solving com-

petitive programming questions [48]. Typically, two primary sources of code
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Figure A.5: A visualization depicting a standard data preprocessing pipeline em-
ployed for pre-training language models [96].

corpora are employed for pre-training language models. The first source in-

volves programming question-answering communities, such as Stack Exchange,

while the second source encompasses public software repositories like GitHub,

where code data, including comments and docstrings, are harnessed. Unlike

natural language text, code exhibits the format of a programming language,

necessitating consideration of long-range dependencies and accurate execution

logic. An insightful study [24] also speculates that code-based training could be

instrumental in fostering complex reasoning abilities, such as chain-of-thought

ability [90].

A.5 Data Preprocessing

The effectiveness and performance of language models heavily depend on the quality

of the pre-training data. Once a substantial amount of text data has been gathered,

it becomes essential to preprocess the data in order to construct a high-quality pre-

training corpus. This preprocessing step involves the removal of noisy, redundant,

irrelevant, and potentially harmful data. In this section, we outline the specific

strategies employed for data preprocessing, which contribute to enhancing the overall

quality of the collected data. To provide a visual representation of the preprocessing

process for the language model’s pre-training corpus, Figure A.5 illustrates a typical

pipeline.
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A.5.1 Quality Filtering

To eliminate low-quality content from the collected corpus, current research com-

monly employs two strategies: (1) classifier-based and (2) heuristic-based approaches.

The classifier-based approach involves training a selection classifier using high-quality

texts as positive instances and candidate data as negative instances. This classifier

is then utilized to identify and filter out low-quality data based on a quality score

assigned to each example. Notably, these methods [13, 17] often employ well-curated

data like Wikipedia pages for training. However, some studies [64, 23] highlight that

relying solely on classifier-based approaches can inadvertently remove valuable texts

in dialectal, colloquial, and sociolectal languages, leading to bias in the pre-training

corpus and reducing its overall diversity. In contrast, the heuristic-based approach,

exemplified by BLOOM [71], applies a set of carefully crafted rules to identify and

exclude low-quality texts, specifically characterized by the following:

• Language-based filtering: If a language model is primarily intended for

specific language tasks, the text in other languages can be selectively filtered.

• Metric-based filtering: Evaluation metrics, such as perplexity, can be uti-

lized to identify and eliminate unnatural sentences in the generated texts.

• Statistic-based filtering: Evaluation metrics, such as perplexity, can be

utilized to identify and eliminate unnatural sentences in the generated texts.

• Keyword-based filtering: By employing a specific keyword set, it becomes

possible to identify and eliminate noisy or irrelevant elements in the text, such

as HTML tags, hyperlinks, boilerplates, and offensive words.
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A.5.2 De-duplication

Previous research [30] has discovered that duplicate data within a corpus can dimin-

ish the diversity of language models, potentially leading to instability during training

and affecting model performance. Hence, it becomes necessary to eliminate dupli-

cates from the pre-training corpus. De-duplication can be carried out at different

levels, including sentence level, document level, and dataset level. Initially, it is im-

portant to remove low-quality sentences that exhibit repeated words and phrases, as

they can introduce repetitive patterns in language modeling [31]. At the document

level, existing studies mostly rely on the comparison of surface features (e.g., word

and n-gram overlap) to identify and discard duplicate documents with similar con-

tent [83, 64, 71]. Additionally, to prevent contamination between the training and

evaluation sets [17], it is crucial to identify and remove any potential duplicate texts

from the training set. It has been demonstrated that employing all three levels of

de-duplication proves beneficial in enhancing the training process of language models

[17], making their joint utilization recommended in practical scenarios.

A.5.3 Privacy Reduction

The acquisition of pre-training text data predominantly relies on web sources, en-

compassing content generated by users that may involve sensitive or personal infor-

mation, thereby amplifying the potential risk of privacy breaches [14]. Consequently,

it becomes essential to eliminate personally identifiable information (PII) from the

pre-training corpus. One effective approach is the direct utilization of rule-based

methods, such as keyword spotting, to identify and remove PII instances like names,

addresses, and phone numbers [45]. Moreover, researchers have also discovered that

the susceptibility of language models to privacy attacks can be attributed to the pres-

ence of duplicate PII data within the pre-training corpus [38]. Thus, de-duplication

can partially mitigate privacy risks as well.
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A.5.4 Tokenization

Tokenization is a vital step in data preprocessing as it involves breaking down the

raw text into individual tokens, which are subsequently used as inputs for language

models. While it may be convenient to utilize existing tokenizers (e.g., OPT [94] and

GPT-3 [13] employ the GPT-2 tokenizer [63]), employing a tokenizer specifically de-

signed for the pre-training corpus can yield significant benefits [42], particularly for

corpora that encompass diverse domains, languages, and formats. Consequently,

several recent language models have trained custom tokenizers, specifically tailored

for their pre-training corpus, employing SentencePiece [43]. To ensure lossless infor-

mation post-tokenization, the byte-level Byte Pair Encoding (BPE) algorithm [73] is

employed [17, 64]. However, it is worth noting that certain normalization techniques

within BPE, such as NFKC [19], may adversely affect tokenization performance

[64, 71].

A.6 Architecture

The Transformers architecture [84] has emerged as the go-to model for language

and sequence modeling tasks, surpassing the traditional reliance on RNN and CNN

models. Originally presented with an encoder-decoder framework, the Transformers

architecture has since evolved to accommodate various applications, with the encoder

and decoder components often employed independently. This section delves into

the diverse variations of the Transformers architecture, exploring its wide-ranging

applications and the distinct pretraining objectives pursued in different contexts.

A.6.1 Bidirectional Encoder Models

In this section, the introduction of the bidirectional transformer encoder, which is

trained using masked language modeling, is presented. With this method, the entire
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text, encompassing both the left and right context, can be observed by the model.

The BERT model [21] is then introduced as the extensively utilized version of the

masked language modeling architecture.

In addition, two significant concepts commonly associated with these language mod-

els are examined. The first concept is fine-tuning, which involves further training

the pre-trained models by incorporating an additional neural network classifier. This

classifier utilizes the output of the model’s top layer to perform various downstream

tasks like named entity recognition or question answering. The underlying idea is

that the pre-training phase facilitates the learning of a language model that captures

nuanced word meanings, thus enabling easier adaptation or fine-tuning for specific

language understanding tasks. The pretrain-finetune approach is an example of

transfer learning in machine learning, where knowledge acquired from one task or

domain is leveraged and applied to solve novel tasks.

The second concept is contextual embedding, which involves representing words

based on their context. Unlike traditional word embedding techniques like word2vec

[56] or GloVe [60], which assign a fixed embedding vector to each word in the vocab-

ulary, contextual embeddings, such as those learned by masked language models like

BERT, generate unique vectors for each occurrence of a word in different contexts.

The transformer architecture introduces novel mechanisms, such as self-attention and

positional encodings, to effectively capture temporal information and understand

the relationships between words across long distances. The encoder is constructed

with a stack of N identical layers, each consisting of two sub-layers. The first sub-

layer incorporates a multi-head self-attention mechanism, while the second sub-layer

utilizes a simple position-wise, fully connected feed-forward network. Both sub-

layers are accompanied by a residual connection, and the output of each sub-layer

is normalized using a layer norm function. The subsequent subsections provide a

comprehensive discussion of each component.
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Figure A.6: The flow of information in a bidirectional transformer encoder, where
each element is influenced by both preceding and succeeding context.

A.6.1.1 Self-Attention Networks

The self-attention layer is a fundamental breakthrough in transformer models. It

enables the network to extract and incorporate information from extensive contexts,

eliminating the reliance on intermediary recurrent connections, as seen in RNNs.

By applying self-attention, input sequences (x1, . . . , xn) are transformed into output

sequences of equal length (y1, . . . , yn), with each output vector enriched by incorpo-

rating information from both the preceding and succeeding context. Refer to Figure

A.6 for an illustration of the encoding attention flow.

In order to compute the output, transformers introduced three weight matrices: W Q,

W K , and W V . These weights are trained during the training process and will be

utilized to map each input vector xi into a representation corresponding to its role as

a query, key, and value. This mapping is achieved through the following equations:

qi = xiW
Q; ki = xiW

K ; vi = xiW
V (A.6)

Both the input x and output y of transformers, as well as the intermediate vectors
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at different layers, have the same dimensionality of N × dmodel, where N is the

number of tokens and dmodel is the dimension of the sub-layers and layers outputs.

It is important to note that the dimension of the qi, ki, and vi vectors is smaller

than the embedding dimension. Therefore, the transformer matrices are defined as

W Q ∈ Rdmodel×dk , W K ∈ Rdmodel×dk , and W V ∈ Rdmodel×dv .

Based on the projected vectors, the score between the current focus of attention, xi,

and an element in the input, xj, is computed by taking the dot product between the

corresponding query vector, qi, and the key vector of the element, kj. Hence, the

score for these two elements can be expressed as:

score(xi, xj) = qi · kj (A.7)

To prevent numerical issues and loss of gradients during training, it is necessary

to scale the dot product in a suitable manner. A commonly used approach is the

scaled dot-product, where the dot-product result is divided by the square root of the

dimensionality of the query and key vectors, dk. This ensures that the values stay

within a reasonable range. Hence, the updated version of Equation A.7 becomes:

score(xi, xj) = qi · kj√
dk

(A.8)

After computing the scores between the token xi and other tokens, these scores are

transformed into probabilities using a softmax function. The self-attention output

for the input xi is then obtained by taking a weighted sum over the corresponding

value vectors v. This process is depicted in Figure A.7 when calculating the first

output z1 in a sequence. The self-attention output for xi is represented as:

zi =
N∑

j=1
αijvj (A.9)
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x1 x2 x3

q1 q2 q3
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Figure A.7: Calculating the value of z1 using self-attention
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q1 . k1 q1 . k2 q1 . k3 q1 . k4

q2 . k1 q2 . k2 q2 . k3 q2 . k4

q3 . k1 q3 . k2 q3 . k3 q3 . k4

q4 . k1 q4 . k2 q4 . k3 q4 . k4

N

N

Figure A.8: The N × N matrix represents the dot product values qi · kj between
query vectors qi and key vectors kj.

To enable parallel computation and leverage efficient matrix multiplication routines,

the attention calculation can be optimized. This involves packing the input embed-

dings of N tokens from the input sequence into a single matrix x ∈ RN×dmodel , where

each row represents the embedding of a token. Then, the key and query matrices,

with dimensions dmodel × dk, and the value matrix, with dimensions dmodel × dv, are

multiplied with the input matrix x. This multiplication yields matrices Q ∈ RN×dk ,

K ∈ RN×dk , and V ∈ RN×dv , which contain all the key, query, and value vectors,

respectively. The matrix operations can be represented as:

Q = xW Q; K = xW K ; V = xW V (A.10)

Using these matrices, the query-key comparisons can be efficiently computed by

performing a single matrix multiplication between Q and KT , resulting in an N × N

matrix as shown in Fig. A.8. Subsequently, the attention scores matrix is scaled

and passed through the softmax function. The resulting probability matrix is then

multiplied by V , producing a matrix of shape N × dv. The entire self-attention
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process for a sequence of N tokens can be summarized as follows:

SelfAttention(Q, K, V ) = softmax
(

QKT

√
dk

)
V (A.11)

A.6.1.2 Multi-Head Attention

In a text, words can exhibit multiple simultaneous relationships with one another.

For example, within a sentence, verbs and their arguments may possess distinct

syntactic, semantic, and discourse connections. Attempting to capture all these

diverse parallel relations within a single transformer block would pose challenges. To

address this, transformers employ linear projections to transform the queries, keys,

and values h times, each with separate learned linear projections to dimensions dk, dk,

and dv, respectively. By utilizing these distinct parameter sets, each attention head

can specialize in learning different aspects of the relationships present among inputs

at the same level of abstraction. This allows for a more comprehensive understanding

of the varied connections within the text.

To implement the multi-head attention mechanism, a self-attention layer con-

tains multiple heads, denoted by i, each having its own set of key, query, and value

matrices: W Q
i , W K

i , and W V
i . These matrices allow each head to independently

transform the input into separate key, value, and query embeddings while preserv-

ing the rest of the self-attention computation. The dimensions for each head are

dk = dv = dmodel/h, where h represents the number of heads. As a result, the output

of the multi-head attention layer has a shape of N × hdk. To integrate these vectors

for further processing, they are concatenated and then reduced back to the original

input dimension dmodel using another linear projection, W O ∈ Rhdv×dmodel , producing

a total output of N × dmodel for the input. Figure A.9 illustrates this approach with

4 self-attention heads. The multi-head layer replaces the single self-attention layer
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Word
embeddings

Calculating attention
result for each head

Concatenating the result matrices,
then multiplying with matrix WO

to produce the output of the layer 

Figure A.9: The multi-head self-attention layers in the figure are equipped with the
unique query, key, and value matrices. The outputs from each head are concatenated
and then projected to dmodel, resulting in an output that matches the input size.

as follows:

MultiHeadAttention(x) = (head1 ⊕ head2 · · · ⊕ headh)W O (A.12)

headi = SelfAttention(Qi, Ki, Vi) (A.13)

Qi = xW Q
i ; Ki = xW K

i ; Vi = xW V
i (A.14)

A.6.1.3 Transformer Block

The multi-head attention layer serves as the central component of a transformer

block, which encompasses various other elements. Alongside the multi-head atten-

tion layer, a transformer block incorporates additional feed-forward layers, residual

connections, and normalizing layers. These components are designed to maintain
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Figure A.10: A transformer block illustrating all the sub-layers

consistent input and output dimensions, enabling the stacking of multiple trans-

former blocks.

In Figure A.10, a standard transformer block is illustrated. It comprises a multi-head

attention layer followed by a fully connected feed-forward layer, both of which are

accompanied by residual connections and layer normalization. This layer operates

on each position individually. It involves two linear transformations with a ReLU

activation function in between:

FFN(x) = max(0, xW1 + b1)W2 + b2 (A.15)

Although the linear transformations remain consistent across different positions, they

employ distinct parameters from one layer to another.

Residual connections are a valuable component in the transformer architecture. They

allow information to bypass intermediate layers, creating direct connections from
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lower to higher layers. This mechanism enhances learning by granting higher-level

layers access to important information from lower levels [29]. In Figure A.10, you can

see that residual connections are employed in both the attention and feed-forward

sublayers. The summed vectors are then normalized using layer normalization to en-

sure stability and effective training [11]. The function computed within a transformer

block can be expressed as:

z = LayerNorm(x + MultiHeadAttention(x)) (A.16)

y = LayerNorm(z + FFN(z)) (A.17)

Layer normalization, a technique used in deep neural networks, aims to improve

training performance by keeping the values of a hidden layer within an optimal

range for gradient-based training. It is a variation of the standard score (z-score)

from statistics applied to a single hidden layer. To perform layer normalization, the

mean (µ) and standard deviation (σ) of the vector to be normalized are calculated.

For a hidden layer with dimensionality dh, these values are computed as follows:

µ = 1
dh

dh∑
i=1

xi (A.18)

σ =

√√√√ 1
dh

dh∑
i=1

(xi − µ)2 (A.19)

After obtaining the mean (µ) and standard deviation (σ), the vector components

are normalized by subtracting the mean from each element and dividing it by the

standard deviation. This normalization process results in a new vector, x̂, with a

mean of zero and a standard deviation of one. Mathematically, it is expressed as:

x̂ = (x − µ)
σ

(A.20)
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Figure A.11: Introducing positional embeddings by incorporating absolute position
representations into the input word embeddings, resulting in a new embedding of
equal dimensionality.

In the standard implementation of layer normalization, two learnable parameters, γ

and β, are introduced to control the gain and offset of the normalized vector x̂. These

parameters allow for fine-tuning the normalization process. The layer normalization

function can then be expressed as:

LayerNorm = γx̂ + β (A.21)

A.6.1.4 Positional Embeddings

Unlike recurrent neural networks (RNNs), which inherently capture the order of

input sequences, transformers do not possess any inherent notion of input order.

The transformer model, as presented so far, lacks the ability to understand the

relative or absolute positions of tokens in the input. This means that even if the

order of the input sequence is shuffled during the attention computation (as depicted

in Figure A.7), the resulting output would remain unchanged.

One straightforward approach is to enhance the input embeddings by incorporating

positional embeddings specific to each position in the input sequence. A common

method involves initializing embeddings for each possible input position up to a de-
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fined maximum length. For example, if there is an embedding for the word "coffee,"

there would also be an embedding for position 3. Similar to word embeddings, these

positional embeddings are learned during training alongside other parameters. To

generate an embedding that captures positional information, each word is combined

with its corresponding positional embedding using summation. This resultant em-

bedding then serves as the input for subsequent processing steps. The concept is

illustrated in Figure A.11.

One potential issue with the simple absolute position embedding approach is the

unequal distribution of training examples across input positions. This can result in

poorer training for embeddings corresponding to positions at the outer length limits,

leading to potential challenges in generalization during testing. Another approach

to address positional information is to use a static function that maps integer in-

puts to real-valued vectors, capturing the inherent relationships among positions.

The original transformer work employed a combination of sine and cosine functions

with different frequencies for this purpose. Improving position representations is an

ongoing research focus in the field.

A.6.1.5 Pre-training Bidirectional Encoders

Language models typically predict the next word in a given sequence. However, in

the case of bidirectional encoders, this task becomes straightforward as the context

provides direct access to the answer, and the attention layer allows previous words

to gather information about the next word. As a result, a new training approach

is required. Fortunately, the traditional learning objective offers a solution for pre-

training bidirectional encoders. Instead of focusing on predicting the next word, the

model is trained to perform a fill-in-the-blank task known as the cloze task.

During the learning task, the model is presented with an input sequence that contains

one or more missing elements. The objective is to predict these missing elements.
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Specifically, during training, the model is deprived of certain elements from the input

sequence and tasked with generating a probability distribution over the vocabulary

for each missing item. The learning process is driven by utilizing cross-entropy loss,

which measures the discrepancy between the model’s predictions and the ground

truth.

A.6.1.6 Masking Words

The training approach employed for bidirectional encoders is known as Masked

Language Modeling (MLM) [21]. Similar to other language model training meth-

ods, MLM utilizes unannotated text from a large corpus. During the training process,

the model is presented with sentences from the training corpus, where a random se-

lection of tokens from each sequence is chosen for the learning task. These selected

tokens are then handled in one of the following three ways:

• They are replaced with a special vocabulary token, denoted as [MASK].

• They are substituted with another token from the vocabulary, randomly sam-

pled based on token unigram probabilities.

• They are left unchanged.

In BERT, a training sequence typically involves sampling 15% of the input tokens for

the learning task. Within this subset, approximately 80% of the tokens are replaced

with the special token [MASK], 10% of the tokens are replaced with randomly selected

tokens from the vocabulary, and the remaining 10% of the tokens are left unchanged.

The goal of MLM training is to predict the original inputs for the masked tokens

using a bidirectional encoder, as discussed in earlier sections. The training process is

driven by the cross-entropy loss computed from these predictions, which updates all

the parameters in the model. It is important to note that while all input tokens are

involved in the self-attention process, only the sampled tokens are used for learning.
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Bidirectional Transformer Encoder
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Cross-entropy loss

Softmax over
vocabulary

Token + positional
embeddings

Masked input

Input

Classification weights

Figure A.12: The figure illustrates the sampling of three input tokens, where two
of them are masked, and the third one is substituted with an unrelated word. The
assigned probabilities of these tokens by the model are utilized to compute the loss.

To begin with, the original input sequence undergoes tokenization using a subword

model. The sampled items, which are crucial for the learning process, are selected

from the set of tokenized inputs. Word embeddings for all tokens in the input

are extracted from the word embedding matrix. These word embeddings are then

combined with positional embeddings to create the input for the transformer model.

Figure A.12 illustrates this approach using a sample. In this example, the tokens

"like," "coffee," and "morning" are sampled from the training sequence. The first two

tokens are masked, while the third token is randomly substituted with a different

token. These sampled tokens are then processed through a stack of bidirectional

transformer blocks. The resulting output vectors from the last layer for these three

tokens are multiplied by a classification weight matrix WV ∈ R|V |×dh , where |V |

is the number of tokens in the vocabulary and dh is the dimension of the vectors.

Finally, a softmax function is applied to generate the required predictions over the
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vocabulary.

yi = softmax(WV hi) (A.22)

After obtaining the predicted probability distribution for each masked token, the

cross-entropy loss is calculated to measure the negative log probability, as depicted

in Figure A.12. The gradients, which serve as the basis for weight updates, are

derived from the average loss over the sampled learning items from either a single

training sequence or a batch of sequences.

A.6.1.7 Next Sentence Prediction

While MLM primarily focuses on predicting missing words within surrounding con-

texts to create effective word-level representations, many NLP applications require

understanding the relationships between pairs of sentences, which is not directly

captured by MLM. These tasks encompass paraphrase detection, entailment, and

discourse coherence.

To capture the relationship between sentences, BERT introduced a learning objective

called Next Sentence Prediction (NSP) that can be easily derived from any

monolingual corpus. In this task, pairs of sentences are presented to the model, and

its goal is to predict whether each pair consists of a consecutive pair of sentences from

the training corpus or a pair of unrelated sentences. For each pre-training example,

the sentences A and B follow a specific pattern. In 50% of the cases, B is indeed the

next sentence that follows A (labeled as IsNext). In the remaining 50% of the cases,

B is a random sentence from the corpus (labeled as NotNext).

To perform the Next Sentence Prediction (NSP) task, BERT introduces two special

tokens into the input representation. After tokenizing the input using the subword

model, the special classification token [CLS] is added to the beginning of the sentence

pair. It’s worth noting that in both the MLM and NSP tasks, the first token of

every sequence is always the [CLS] token. The final hidden state corresponding
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to this token, denoted as C ∈ Rdh , serves as the aggregated representation of the

entire sequence for classification purposes. To differentiate between the sentences,

two modifications are made. First, a special token [SEP] is inserted between the

sentences and after the final token of the second sentence. Second, alongside the

positional embeddings, a learned embedding is appended to each token indicating

whether it belongs to sentence A or sentence B.

During training, the output vector obtained from the final layer corresponding to

the [CLS] token is utilized for the next sentence prediction task. Similar to the

Masked Language Modeling (MLM) task, a set of learnable classification weights

WNSP ∈ R2×dh is employed to generate a binary prediction based on the raw [CLS]

vector:

y = softmax(WNSP h[CLS]) (A.23)

The NSP loss is calculated using cross-entropy for each sentence pair fed to the model.

Figure A.13 provides an overview of the NSP training configuration. In BERT, the

NSP loss is combined with the MLM training objective to form the overall loss.

A.6.1.8 Contextual Embeddings

Using a pre-trained language model and a new input sentence, the model can generate

contextual embeddings for each token in the input. These embeddings capture the

contextual meaning of the words and can be employed as contextual representations

in downstream tasks that rely on word semantics.

Contextual embeddings are vector representations that capture the meaning of a

token within the context of the entire sentence. As a result, each token can have a

distinct vector representation depending on the surrounding context. For instance,

in a sequence of input tokens x1, . . . , xn, the output vector yi corresponds to the

representation of token xi in the context of the sentence x1, . . . , xn, obtained from

the final layer of the model.
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Figure A.13: Illustration of the Next Sentence Prediction (NSP) task. The [CLS]
token serves as the representation of the input text. Alongside positional embeddings,
token embeddings are incorporated to distinguish between the two sentences.
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In addition to capturing contextual word embeddings, BERT is capable of generat-

ing a fixed representation vector for a sequence of tokens. The output vector from

the final layer, corresponding to the [CLS] token, serves as a contextualized rep-

resentation of the entire input sequence. During pre-training, the model learns to

encode the complete representation of the input sequence into this token. This vector

proves valuable in tasks that necessitate a consistent input representation regardless

of the number of input tokens, such as semantic search. Semantic search aims to

determine the similarity between two texts of varying lengths. For instance, consider

two sentences: x1, . . . , xn and x′
1, . . . , x′

m. If these sentences share a similar context,

the distance between the vectors corresponding to the [CLS] token will be small;

otherwise, the distance will be high.

A.6.1.9 Fine-Tuning the Bidirectional Encoder

Pre-trained language models have acquired extensive knowledge during pre-training

from a large volume of data. This knowledge enables them to generalize well, making

them valuable for various downstream tasks. To apply this knowledge to specific

applications, a process called fine-tuning is used. Fine-tuning involves building

task-specific applications on top of pre-trained models and adjusting a small set

of application-specific parameters. This process requires labeled data specific to

the target domain for further training. Typically, the pre-trained language model

parameters are either frozen or minimally adjusted during this additional training

phase.

Text classification is a commonly used application in NLP. In this task, an input

sequence is transformed into a compact representation, and a model processes this

vector to assign a label. In traditional RNN models, the last hidden state associated

with the final element represents the entire sequence and is often referred to as the

sentence embedding. In BERT, the special token [CLS] is used as the sentence
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embedding. This token is added to the vocabulary and placed at the beginning of all

input sequences. The output vector from the final layer of the model corresponding

to the [CLS] input serves as the representation of the entire sequence. This vector

is then fed into a classifier head, which can be a logistic regression or a neural

network classifier, to make predictions.

An example of a text classification task is fact verification, which aims to determine

the truthfulness of a claim. A simple fine-tuning approach for this task involves

training a set of weights, denoted as WC , that maps the output vector of the [CLS]

token, represented as h[CLS], to a probability distribution over the classes. Assuming

a binary classification scenario (true or false) and a hidden layer size of dh for the pre-

trained language model, the weight matrix WC has dimensions of R2×dh . To classify

unseen documents, the input text is passed through the pre-trained language model

to obtain h[CLS], which is then multiplied by WC . A softmax function is applied to

the result to obtain the predicted probabilities for the classes:

y = softmax(WCh[CLS]) (A.24)

To fine-tune the weights in WC , supervised training data is required, which con-

sists of labeled input sequences paired with their corresponding classes. Let X =

{x1, . . . , xn} denote the input examples, and Y = {y1, . . . , yn} represent their associ-

ated labels. During training, the process is similar to training other neural networks.

The cross-entropy loss is computed between the softmax output and the correct

answer, serving as the driving force for updating the weights in WC .

It is worth noting that the loss function can be employed not only to train the

weights of the classifier but also to update the parameters of the pre-trained language

model. In practice, satisfactory classification performance can often be achieved with

minimal adjustments to the language model parameters.
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A.6.2 Causal Transformer Models

In the previous section, the process of pretraining bidirectional transformer language

models was discussed, showcasing their usefulness as a tool for a wide range of NLP

tasks through the utilization of MLM and NSP objectives. This chapter introduces

the second type of transformer model, known as the causal or left-to-right model,

which allows for the generation of contextualized texts. Furthermore, the generation

of coherent and meaningful sequences of words is explored, highlighting the potential

applications of these models in natural language processing.

A.6.2.1 Decoder Architecture

This sub-section introduces the transformer decoder, which serves as the foundation

for models like GPT [13]. While the previous section delved into the bidirectional

transformer encoder, it is important to note that these encoder models are not in-

herently designed for text generation. Their primary focus lies in learning deep

contextualized representations through methods such as MLM. As a result, they

excel in tasks like sentiment analysis, question-answering, and named entity recog-

nition. However, when it comes to generation tasks such as contextual generation,

summarization, and machine translation, their effectiveness is limited. In contrast,

decoder models are specifically trained using a unidirectional (causal) language mod-

eling objective. This training approach enables them to generate text sequentially

from left to right by predicting the next word based on the preceding context.

Figure A.6 illustrates how bidirectional encoders enable the self-attention mechanism

to consider the entire input. In contrast, the focus of the decoder transformer is on

predicting the next word. Like the encoder, the decoder employs the self-attention

mechanism to map the input embeddings (x1, . . . , xn) to corresponding output em-

beddings (y1, . . . , yn) of the same length. However, unlike the bidirectional encoder,

the decoder self-attention operates in a left-to-right manner, where each word only
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Figure A.14: The figure illustrates the information flow in the self-attention mecha-
nism of a causal model. When processing each element of the sequence, the model
attends to all the preceding inputs, including the current one. This enables the model
to incorporate information from the left context while making predictions, ensuring
that each element is influenced by its relevant context within the sequence.

has access to information from preceding words. The flow of information in a decoder

self-attention layer is depicted in Figure A.14.

The prediction of the next word is achieved through the utilization of the self-

attention mechanism, which is also employed in encoder models. This process in-

volves generating key, query, and value embeddings for each token of the input vector

x using learned weight matrices W Q, W K , and W V . These weight matrices enable

the projection of each input vector xi into its respective role as a key, query, or value:

qi = xiW
Q, ki = xiW

K , vi = xiW
V (A.25)

To obtain the output vector yi corresponding to each input element xi, a weighted

sum of the input value vectors v is computed, considering all the preceding elements

up to index i:

yi =
∑
j≤i

αijvj (A.26)
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The weights α are determined through a softmax operation applied to the comparison

scores calculated using dot products between each element of the input sequence

treated as a query and every other element as a key. This process ensures that the

weights reflect the relevance or importance of each element in relation to others. The

computation of the weights and comparison scores can be defined as follows:

αij = exp(score(xi, xj))∑n
k=1 exp(score(xi, xk)) (A.27)

score(xi, xj) = qi · kj (A.28)

By employing the dot product, the score captures the similarity or correlation be-

tween the query qi and key kj embeddings. The softmax function then normalizes

the scores to obtain the weight αij, representing the relative importance of the j-th

element in relation to the i-th element.

To enable efficient parallel processing of the entire sequence, the input embeddings

xi are packed into a matrix x ∈ RN×dh . This matrix representation allows for the

simultaneous computation of key, query, and value vectors through matrix multipli-

cation with weight matrices W Q, W K , and W V , respectively. The resulting matrices

Q ∈ RN×dk , K ∈ RN×dk , and V ∈ RN×dk encapsulate all the key, query, and value in-

formation for the entire sequence, optimizing computational efficiency. This matrix

operation can be expressed as:

Q = xW Q; K = xW K ; V = xW V (A.29)

Given these matrices, the necessary query-key comparisons are computed in a single

operation by multiplying Q and KT . While the computations for the transformer

encoder and decoder are similar, there is a distinction when it comes to the com-

parison matrix QKT . In the context of language modeling, it is crucial to prevent

the model from having access to future words when predicting the next word. To

123



N

N

q1 . k1

q2 . k1 q2 . k2

q3 . k1 q3 . k2 q3 . k3

q4 . k1 q4 . k2 q4 . k3 q4 . k4

Figure A.15: The masked-out matrix QKT is an N × N matrix that represents the
dot product values qi · kj between each query-key pair. To ensure proper attention
computation, the upper-triangle portion of the comparison matrix is set to −∞,
resulting in zeros after applying the softmax function.

achieve this, the upper-triangular portion of the matrix is modified by setting its

elements to infinity. This effectively masks out the knowledge of words that follow

in the sequence, ensuring that the model’s predictions focus solely on the preced-

ing context. Figure A.15 illustrates the modified QKT matrix with the masked-out

upper-triangular portion.

Finally, the masked scores are scaled, passed through a softmax function, and then

multiplied by V , producing a matrix of shape N × dk where each row represents

a contextualized output embedding for each preceding token along with the token

itself in the input.

SelfAttention(Q, K, V ) = softmax
(

QKT

√
dk

)
V (A.30)

In addition to this simple modification, the remaining components of the transformer

architecture remain consistent for the decoder models. The input sequences undergo

subword tokenization and are then combined with positional embeddings. These
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embeddings, along with the tokenized inputs, are processed through a sequence of

standard transformer blocks. These blocks consist of self-attention and feed-forward

layers, enhanced by the inclusion of residual connections and layer normalization.

The overall structure of the decoder is illustrated in Figure A.10.

A.6.2.2 Transformers for Language Modeling

Language models predict the next word in a sequence based on the context that pre-

cedes it. They accomplish this by assigning conditional probabilities to each potential

next word, resulting in a probability distribution across the entire vocabulary. By

applying the chain rule, these models can further estimate the probabilities of entire

sequences by combining the conditional probabilities of each word in the sequence:

P (w1:n) =
n∏

i=1
P (wi|w<i) (A.31)

One effective way to deploy a language model is through self-supervised learning

using a transformer decoder. In self-supervised learning, the training data does not

provide explicit labels but relies on the inherent structure of the input. The model

is trained to predict the next token in a sequence yt using the cross-entropy loss as

the training objective. The cross-entropy loss measures the discrepancy between the

predicted token ŷt and the actual token yt. By optimizing this loss function, the

language model learns to capture patterns and dependencies in the training corpus,

enabling it to generate coherent and contextually appropriate sequences of text.

LCE(ŷt, yt) = − log ŷt[wt+1] (A.32)

The training approach employed is known as teacher forcing. It involves using the

correct target token from the training data as the next input at each decoding time

step (xt+1) instead of relying solely on the decoder’s output (ŷt). By incorporat-
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Transformer Decoder

I like to drink coffee every morning

Cross-entropy loss

Softmax over
vocabulary

Token + positional
embeddings

Input

Classification weights

<s>

Softmax Softmax Softmax Softmax Softmax Softmax Softmax Softmax

Figure A.16: Training a transformer decoder as a language model. The special tokens
< s > and < \s > represent the start and end of the input sequence, respectively.

ing this gold-standard information during training, the model receives more precise

guidance, allowing it to learn the associations between input and output sequences

effectively. This technique helps improve the quality of generated outputs and en-

hances the decoder’s overall performance.

Figure A.16 provides an overview of the training process. To begin, the sequence

is modified by adding special tokens at the start and end, representing the span of

the sequence. The input to the model is then formed as (< s >, x1, . . . , xn−1), while

the model output is a probability distribution over the entire vocabulary. During

training, the probabilities assigned to the (x2, . . . , xn, < \s >) tokens are employed

to compute the cross-entropy for the entire input sequence. It is important to note

that the decoder’s self-attention operates in a unidirectional manner, meaning the

probability for each token t is determined based on the preceding tokens.

Once trained, the language model has the capability to generate new text in an

autoregressive fashion. This approach, known as autoregressive generation or

causal LM generation, involves incrementally generating words by sampling the

next word based on the previous choices. Technically, an autoregressive model pre-

dicts the value at time t by considering a linear function of the previous values at
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times t − 1, t − 2, and so on. Although language models are not strictly linear due

to their multiple layers of non-linearities, this generation technique is colloquially

referred to as autoregressive generation because each word generated at time step t

is conditioned on the words selected by the network in the previous steps.

The generation process of the language model follows the following steps:

• Initiate the generation with the special token < s > as the first input and

sample a word from the resulting softmax distribution.

• Utilize the word embeddings of the sampled word as the input for the next time

step and repeat the process of sampling the next word in a similar manner.

• Continue generating words until either the end of sentence marker < \s > is

sampled, or a predetermined maximum length is reached.

This architecture forms the basis of advanced approaches used in applications like

machine translation, summarization, and question-answering. The key to its effec-

tiveness lies in providing the generation component with an appropriate context.

Rather than starting with a basic token such as < s >, the model is given a more

relevant and task-specific context. For translation, this context is the source lan-

guage sentence, while for summarization, it is the text to be summarized. This

context enhances the model’s ability to generate accurate and contextually appro-

priate outputs.

In the process of generating text from a trained language model, each step in decod-

ing involves selecting the output yt by applying a softmax function over the available

options in the vocabulary and choosing the token with the highest probability. Math-

ematically, this can be expressed as:

ŷt = argmaxw∈V P (w|y1, . . . , yt−1) (A.33)
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The approach of choosing the most probable token at each step, known as greedy

decoding, focuses on making locally optimal decisions without considering their long-

term consequences. It is a simple and efficient strategy that prioritizes immediate

optimization without extensive exploration of alternative options.

Text generation is a prominent application of neural language models that has greatly

influenced the field of NLP. This, along with image and code generation, has given

rise to a new domain in AI known as generative AI. These advancements in language

models have opened up possibilities for creating realistic and creative text through

the power of neural networks.

A.7 In-Context Learning

In recent years, fine-tuning pre-trained transformer language models has revolu-

tionized NLP applications, eliminating the necessity for task-specific architectures.

This paradigm has significantly advanced various challenging NLP tasks, includ-

ing text classification, summarization, machine translation, and question answering.

Nevertheless, a significant drawback of this approach is its reliance on task-specific

datasets and fine-tuning, even though the underlying architecture is agnostic to the

task. Achieving robust generalization for specific domains often demands extensive

datasets containing thousands or even hundreds of thousands of task-specific ex-

amples. Overcoming this limitation would be highly desirable for multiple reasons

[13].

First, from a practical standpoint, acquiring labeled datasets for every new task can

be costly and time-consuming, which limits the applicability of language models.

With a wide range of potential language tasks, it becomes challenging to gather

large supervised training data, particularly when having to repeat the process for

each new task.
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Second, despite the high flexibility of language models in their representations, the

training data often exhibits a limited distribution and lacks diversity. This issue

can result in the model relying on coincidental patterns in the data rather than

truly grasping the underlying semantics. Consequently, the model may struggle

to generalize effectively, leading to less reliable performance on real-world tasks.

Evidence has shown that fine-tuning under this paradigm can further exacerbate

the problem of poor generalization since the model becomes overly specific to the

training distribution and fails to extend its understanding beyond it [92].

Third, humans do not require a large supervised dataset to learn new tasks. A simple

and concise instruction in natural language, such as "Please determine if this sentence

has a happy or sad tone," or even just a handful of examples, is often sufficient for a

person to perform a new task. This innate adaptability allows humans to effortlessly

transition between various tasks and skills, enabling them to seamlessly switch from

one activity to another.

Researchers have observed significant advancements and emergent capabilities when

scaling up pre-trained language models in terms of data size and model parameters.

Among these capabilities is in-context learning (ICL), which was introduced by GPT-

3 [13] and has the potential to address the aforementioned challenges. ICL leverages

a formatted natural language prompt that includes a task description and/or a few

task examples as demonstrations.

The input prompt consists of a task description followed by task-specific examples

from the dataset, arranged in a carefully designed order using specific templates.

The test instance is then appended to these demonstrations to form a comprehen-

sive natural language prompt, serving as input to the large language models (LLMs)

for generating the desired output. By analyzing the task description and demonstra-

tions, LLMs can understand the task and recognize the patterns required to perform

new tasks without explicit gradient updates. Figure A.17 depicts the illustration of
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Task
Description

Example #1

Example #2

Current Input

This is a comment sentiment classifier
task.

Comment: I love this product!

This comment is positive

A waste of money,

This comment is negative

Do not recommend it at all!

It's handy and versatile

This comment is

Comment:

Comment:

Example Input #1

Example Label #1

Example Input #2

Example Label #2

Input Prompt

Large Language
Model

positive

Figure A.17: Illustration of in-context learning: The input prompt, in natural lan-
guage form, provides a description, multiple examples, and the test input to a large
language model. The model comprehends the task and utilizes the information in
the input prompt.

ICL.

In the context of ICL, let Dk = {f(x1, y1), . . . , f(xk, yk)} represent a set of demon-

strations comprising k examples, where f(xi, yi) is a function that maps the i-th task

example to a natural language prompt. Given the task description I, the demon-

stration set Dk, and a test input query xk+1, the LLMs’ output prediction ŷk+1 can

be formulated as follows:

LLM(I, f(x1, y1), . . . , f(xk, yk)︸ ︷︷ ︸
demonstrations

, f(xk+1︸ ︷︷ ︸
test

, ︸ ︷︷ ︸
answer

)) → ŷk+1 (A.34)

Here, the actual answer yk+1 is left blank to be predicted by the LLM. As the perfor-

mance of ICL is heavily influenced by the demonstrations, it is crucial to thoughtfully

design them in the prompts. The construction process in Equation A.34 revolves

around three key aspects: selecting appropriate examples for demonstrations, for-

matting each example using the function f(·) to fit the prompt, and arranging the
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Fine-Tuned Language Model

It's handy and versatile

5% 95%

negative positive

Classifier Head

Figure A.18: In a binary classification scenario, the fine-tuned model’s output is
directed to a dedicated classifier that transforms it into a probability distribution.

demonstrations in a coherent format.

In fine-tuning, the language model head, responsible for mapping the output of

a pre-trained language model into a probability distribution over the vocabulary,

is substituted with a classifier head. This classifier maps the model’s output to a

probability distribution over the classes specific to the domain task. During training,

using a domain-specific dataset, both the model and the classifier weights are updated

through the gradient descent approach. After fine-tuning, when given a test sample,

the model generates a vector representing a probability distribution over the classes,

and the index with the highest probability corresponds to the predicted text label.

Figure A.18 illustrates a binary classification model with a probability distribution

assigned to the domain task.

On the other hand, In-Context Learning (ICL) maintains the language model head

without additional fine-tuning. The pre-trained model addresses a new task as a

text generation task, producing tokens until it reaches a special token indicating

the end of the sequence. Instead of a probability distribution over the classes, the

model output is a probability distribution over tokens, essentially generating the

label in natural language form. An advantage of this approach is that a single model

can effectively tackle multiple problems, eliminating the need to fine-tune several
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This is a comment sentiment classifier
task.

Comment: I love this product!

This comment is positive

A waste of money,

This comment is negative

Do not recommend it at all!

It's handy and versatile

This comment is

Comment:

Comment:

Input Prompt Large Language
Model

20%

70%

negative

positive

Language model head

Figure A.19: Task-solving using ICL. The language model head is preserved, allowing
the model to generate a new token in natural language form to solve the new task.

models for different tasks. Figure A.19 demonstrates the ICL process, where the

large language model generates the label in the natural language format.

There are three distinct settings based on the number of demonstrations present in

the input prompt [13]:

• Few-Shot: In this setting, the model receives a few task demonstrations during

inference, without any weight updates applied. Figure A.20 illustrates that for

a typical dataset, an example comprises a context and a desired completion,

like an English sentence as the context and its French translation as the desired

completion. For few-shot learning, K examples of context and completion are

provided, followed by a final example of context, where the model is expected

to provide the completion. Typically, K is set between 10 to 100, limited by

how many examples can fit within the model’s context window. The main

advantages of few-shot learning include a significant reduction in the need for

task-specific data and a lesser potential to overfit to a narrow distribution from

a large but narrow fine-tuning dataset. However, results from this method have

generally been less favorable compared to state-of-the-art fine-tuned models.

Additionally, a small amount of task-specific data is still required.

• One-Shot: The one-shot setting is similar to few-shot, with the exception that
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Figure A.20: Zero-shot, one-shot, and few-shot settings: This illustration showcases
three distinct settings for conducting ICL with a language model to solve a task. In
the zero-shot, one-shot, and few-shot scenarios, the model is required to perform the
task using only forward passes during test time [13].
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only one demonstration is allowed, along with a natural description of the task,

as shown in Figure A.20. This distinction is made because it closely mirrors

how some tasks are conveyed to humans. For instance, when humans are asked

to generate a dataset on human worker services, it is common to provide one

example of the task. The presence of a single demonstration allows for a better

understanding of the task’s content or format, making it more comprehensible

than a zero-shot scenario.

• Zero-Shot: In this setting, the model is given only a natural language in-

struction describing the task, without any demonstrations allowed. Figure

A.20 depicts this scenario, and it offers maximum convenience and potential

for robustness, while also avoiding spurious correlations unless they are widely

present across the large pre-training corpus. However, it is also the most chal-

lenging setting as it lacks any direct task-specific guidance. Humans may also

struggle with understanding the task format without prior examples. Never-

theless, in some cases, zero-shot is the closest representation of how humans

perform tasks. For instance, in the translation example shown in Figure A.20,

a human may know what to do based solely on the text instruction.

A.8 Chain of Thought

Since the ICL method uses natural language prompts and does not need any changes

in the model’s architecture and weights, designing these templates brings flexibility,

and one can manipulate the elements of the input template. Hence, researchers im-

provised a new method called Chain-of-Thought (CoT) [90], which is an improved

prompting technique to boost the performance of LLMs on complex reasoning tasks,

such as arithmetic reasoning, commonsense reasoning, and symbolic reasoning. Ba-

sically, CoT is a series of short sentences that mimic the reasoning process a person
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might have when responding to a question.

LLMs have shown impressive performance on NLP tasks like text classification, even

in few-shot and zero-shot settings through ICL. One way to interpret these findings

is that LLMs excel at system-1 tasks, which are tasks that humans handle quickly

and intuitively. However, they encounter challenges with system-2 tasks involving

slow and deliberate thinking, such as logical reasoning or complex mathematical

tasks. Even when LLMs are scaled up with hundreds of billions of parameters,

they still struggle with tasks falling under this category. In other words, for many

of these tasks, increasing the model size does not lead to significant performance

improvements.

The CoT (Chain of Thought) is a method aimed at enhancing language models’

reasoning abilities. Inspired by how humans approach multi-step reasoning problems,

the idea is to enable language models to generate a coherent sequence of thoughts

leading to the answer. By doing so, the language models can break down complex

problems into intermediate steps, solving them individually instead of attempting to

tackle the entire multi-hop problem in a single pass. This chain of thought approach

proves beneficial for reasoning tasks that go beyond the capabilities of standard few-

shot prompting. When combined with language models at scale, CoT prompting

achieves remarkable improvements in performance across various reasoning tasks.

Imagine how one approaches a complex reasoning task, like a multi-step math word

problem. Usually, the problem is broken down into intermediate steps, and each

step is solved before arriving at the final answer. For instance, consider the problem:

"After Sarah buys 4 apples, she has 12... then after she gives 2 apples to her brother,

she will have 10... so the answer is 10." Figure A.21 illustrates an example of a

model generating a chain of thought to solve a math word problem correctly, which

it would have failed to do with ICL.

Chain-of-thought prompting offers several appealing features for enhancing reasoning
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Figure A.21: The figure illustrates a comparison between chain-of-thought and in-
context learning methods. While in-context learning may face challenges with com-
plex tasks, chain-of-thought prompting empowers large language models to handle
intricate arithmetic, commonsense, and symbolic reasoning tasks. The figure high-
lights the chain-of-thought reasoning process [90].

in language models:

1. Firstly, it enables models to break down multi-step problems into intermediate

stages, allowing for additional computation allocation to tasks requiring more

reasoning steps.

2. Secondly, a chain of thought provides transparency into the model’s behavior,

offering insights into how it arrived at a specific answer and providing oppor-

tunities to identify and debug reasoning errors (although fully understanding

all computations supporting an answer remains challenging).

3. Thirdly, chain-of-thought reasoning can be applied to a wide range of tasks,

including math word problems, commonsense reasoning, and symbolic ma-

nipulation, and holds the potential for addressing any task solvable through

language by humans.

4. Lastly, eliciting chain-of-thought reasoning in large off-the-shelf language mod-
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els is straightforward; it can be achieved by incorporating examples of chain-

of-thought sequences into the few-shot prompts during training.

The CoT can be effectively utilized in two primary settings: few-shot and zero-shot,

as introduced below [96].

A.8.1 Few-shot CoT

Few-shot CoT is a special form of few-show in ICL, in which each exemplar in

few-shot prompting is augmented with a chain-of-thought for an associated answer,

as illustrated in Figure A.21. Similar to Equation A.34, the demonstration set is

Dk = {f(x1, CoT1, y1), . . . , f(xk, CoTk, yk)} where CoTi is the reasoning steps for

the set of (xi, yi). To implement this strategy, there are two key issues, i.e., how to

design appropriate CoT prompts and how to utilize the generated CoTs for driving

the final answer.

• CoT prompt design: Effective design of CoT prompts is crucial to elicit

the complex reasoning ability of large language models (LLMs). Various ap-

proaches have been explored to enhance their performance. Using diverse CoTs,

i.e., multiple reasoning paths for each problem, has been shown to be an effec-

tive strategy [47]. Additionally, prompts with more complex reasoning steps

can better elicit the reasoning ability of LLMs, resulting in higher accuracy in

generating correct answers [25]. However, these approaches rely on annotated

CoT datasets, limiting their practical use. To overcome this limitation, Auto-

CoT [95] proposes the use of zero-shot CoT, allowing LLMs to generate CoT

reasoning paths without manual efforts. Auto-CoT further enhances perfor-

mance by clustering questions in the training set and selecting those closest to

the centroid of each cluster to represent the dataset effectively. While few-shot

CoT can be seen as a special case of in-context learning (ICL), the ordering
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of demonstrations appears to have a relatively small impact compared to the

standard ICL prompt [90]. Furthermore, allocating the CoT before the answer

in the demonstrations is crucial. Such prompts enable the model to access rel-

evant knowledge acquired during pre-training more effectively. Conversely, an

alternative configuration involves providing the CoT prompt only after the an-

swer, allowing us to isolate whether the model truly depends on the produced

CoT to arrive at the final answer. Interestingly, this variant performs simi-

larly to the ICL setting without CoT, indicating that the sequential reasoning

embedded in the CoT serves purposes beyond mere knowledge activation [90].

• Enhanced CoT strategies: CoT prompting not only enriches contextual in-

formation but also offers more options for inferring answers to questions. Ex-

isting studies have primarily focused on generating multiple reasoning paths

and aiming to find a consensus among the derived answers [87, 88]. For ex-

ample, self-consistency [87] has been proposed as a decoding strategy for CoT

generation, where several reasoning paths are generated, and the final answer

is determined through an ensemble of all the answers, such as selecting the

most consistent answer through voting. This approach significantly boosts

the performance of CoT reasoning and even improves certain tasks where

CoT prompting typically underperforms compared to standard prompting, like

closed-book question answering and natural language inference. Another study

[88] expands on the self-consistency strategy to create a more general ensemble

framework, extending it to ensemble not only on the answers but also on the

prompts, emphasizing the importance of diverse reasoning paths for improved

performance in CoT reasoning. These methods can be seamlessly integrated

into CoT prompting without requiring additional training. In contrast, other

studies involve training a scoring model to assess the reliability of generated

reasoning paths [47] or continually training LLMs on the reasoning paths they
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generate themselves to enhance performance [93].

A.8.2 Zero-Shot CoT

In contrast to few-shot CoT, zero-shot CoT does not rely on human-annotated task

demonstrations in the prompts. Instead, it directly generates reasoning steps and

utilizes these generated CoTs to arrive at the answers. The concept of zero-shot CoT

was initially introduced in [40], where the LLM is prompted with instructions such

as "Let’s think step by step" to generate reasoning steps, followed by "Therefore,

the answer is" to obtain the final answer. This strategy substantially enhances the

model’s performance when the model scale exceeds a certain threshold, although

it is less effective with small-scale models, indicating notable emergent capabilities.

To extend the CoT ability to more tasks, Flan-T5 and Flan-PaLM [18] incorporate

instruction tuning on CoT annotations, leading to improved zero-shot performance

on previously unseen tasks.
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