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Abstract

Foundation models, particularly|Large Language Models (LLMs)|like ChatGPT and its underlying
[Generative Pre-trained Transformer (GPT)| models, have transformed the landscape of

[Language Processing (NLP)| and offer new avenues for affective computing. This dissertation

explores the integration of the foundation models with affective computing tasks to enhance

the bridging between human emotions and advanced|Artificial Intelligence (Al)|technologies. This

thesis contributes to the field by introducing the “prompting paradigm”, a novel computational
framework that leverages foundation models to solve affective computing problems; this paradigm
provides the skeleton for the main studies underlying this work and the basis for future foundation

models approaches to affective computing.

Key findings of this work indicate that exhibit emergent affective computing capabilities,
offering nuanced emotional insights and improved task performance. A follow-up study is con-
ducted to explore a wide range of affective computing tasks, grouped into three main categories:
sentiment-based problems, psychology-based problems, and problems with implicit signals.
models, including GPT-3.5 and GPT-4, show the most superior performance on psychology-based
problems, compared to specialised models. Furthermore, models have shown strong perfor-
mance in sentiment-based problems; however, specialised methods still exhibit the most su-
perior performance in many cases. Finally,[GPT|models perform poorly on problems with implicit
signals. The [GPT|models are compared against [NLP| baselines, featuring different generations of
methods, namely using Bag-of-Words, Word2Vec, and RoBERTa features. The sentiment-
based problems are sentiment analysis, opinion extraction, aspect extraction, aspect target polarity
classification, subjectivity detection, sentiment intensity ranking, and emotions intensity ranking.
The psychology-based problems are toxicity detection, suicide-tendency detection, and well-being
and stress detection. The implicit signals problems are sarcasm detection, personality assessment,

and engagement measurement.

The nuances of the paradigm are also explored in other studies. One of the studies conducts a com-
prehensive analysis of prompt sensitivity and sampling strategies, highlighting the importance of

precise prompt engineering to optimise model outputs. Key prompting insights are using con-

il



servative sampling, and instructing the model to behave as an expert or to conduct step-by-step

problem solving before giving a final answer, known as [Chain-of-Thoughts (CoT)] Furthermore,

novel fusion strategies that combine outputs from [LLMs| with traditional methods demon-

strate performance improvements. A key idea to employ this is using verbose responses from
then further analysing them with methods instead of simple text parsing. This assists
in acquiring scores that can be fused easily with traditional methods.

Furthermore, ethical considerations and compliance with regulatory frameworks are addressed
to ensure the responsible deployment of [Al| technologies in affective computing applications, in
alignment with the European Union [AT] Act.

By exploring the intersection of foundation models and affective computing, this research lays
the groundwork for future studies, focusing on refining methodologies for the use of foundation
models within affective computing. This assists in maximising the impact of affective computing

on real-world applications while considering societal impacts.
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Chapter 1

Introduction

[Large Language Models (LLMs)| have recently experienced a very rapid growth spanning an ex-

tremely wide range of applications [5]]. The applications include [Neural Machine Translation|
(NMT)| [6]], Named Entity Recognition (NER)| [7]], and Sentiment Analysis [§]]. The superiority
of created a new paradigm for predictive modelling; the paradigm utilises general-purpose

foundation models [9]] by way of prompting instead of training specialised machine learning mod-

els for each problem. Questions regarding the practicality of such a paradigm arose, questioning

the effectiveness of this paradigm in various domains. The development of [Artificial Intelligence]

and affective computing always went hand-in-hand, where typically [Al] was leading the de-
velopment. The discovery of new [All techniques often led to better learning techniques, which
were leveraged by affective computing for better methods. On the other hand, affective computing

often presented problems that necessitated the further development of |All techniques.

1.1 Motivation

1.1.1 History of Foundation Models

[Language Models (LMs) model a language by predicting how probable a given string to be within

a language [10]. This is typically achieved in an auto-regressive fashion, on a token-by-token
basis, namely, by predicting the conditional probability of a token given all its previous tokens.
A token, in this context, refers to an individual unit of text that cannot be broken down further,
which is usually one of three possibilities: characters, words, and subwords, where subwords are
just parts of words. The conditional probabilities predicted by [LMs|can be utilised to generate text
on a token-by-token basis by sampling tokens in a mechanism that corresponds to their predicted

probabilities [[11]]. With the advancement of these predictions, it turns out that are capable
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of generating coherent and insightful texts. Another related problem is the Sequence-to-Sequence
modelling [12], utilising an encoder and a decoder, which learns how to map a string of tokens to
another string; a typical use-case of this is This is similar to employing an except that

the generated tokens are conditioned on some input tokens.

first appeared in a very primitive format based on n-gram models, by utilising n-grams fre-
quencies for making predictions [10]]. However, this had very limited capabilities to actually model

languages for complex applications. Such modellings still proved useful in providing features in

some applications but not for text generation. The popularisation of [Recurrent Neural Networks|

(RNNGS)| later on, mainly based on [Long Short-Term Memory (LSTM)| [13] and
frent Units (GRUS)| [14]], sparked a revolution in proved to be effective in capturing

deeper time dependencies between the tokens and also having generalisation abilities regarding

the tokens; in other words, it did not necessarily need to learn about every possible sequence of
tokens, but it could reason and generalise about sequences. Such could model the text
on a syntactical basis, meaning that they typically produced grammatically correct sentences but
without exhibiting proper reasoning. An idea that showed great promise to this paradigm was
attention, which enables the decoder of Sequence-to-Sequence models to learn a function that
decides which tokens are important to pay attention to while generating each token [15]. This
enabled models to process longer sequences and avoid a bottleneck of information compression.
Afterwards, the discovery of the Transformer architecture [16] has revolutionised the language
models and Sequence-to-Sequence modelling. The architecture employs crucial components that

resolve many bottlenecks in earlier architectures based on Some of these key components

are: (i) [Multi-head Attention (MHA)|enabling attention for multiple concepts at a time, instead of

only one; (ii) Self-Attention enabling a form of key-value retrievals. (iii) The flat sequential archi-
tecture enables direct connections between each pair of tokens. (iv) Flat sequential architecture,

enabling parallel backpropagation steps for different time steps of a long sequence, replacing the
linear time dependencies by

The Transformer architecture sets the initial point for having reasoning capabilities due to the
refined attention mechanism and direct reasoning between any pair of tokens while enabling scal-

ing in terms of model size and sequence lengths. This allowed training of language models at

scale, the early examples of this are the [Bidirectional Encoder Representations from Transform-|
[17] and [Generative Pre-trained Transformer (GPT)| models. With the launch of the
GPT-3 emerged the few-shot learning capabilities of [18]]. These can be observed when an
takes a text including several examples of solving a problem and is then asked to complete

the answer part for a given new example. This created a new paradigm of using[Machine Learning]

models by using foundation models with proper prompting to solve problems. The promis-
ing results of this paradigm increased with the scaling of |[LLMs| which was demonstrated to cause
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to gain emerging skills [[19].

The last cornerstone of foundation models is training[LLMs]|to generate text resembling a dialogue
between a user and an assistant, where the assistant is following the instructions of the user. The
main two techniques to achieve this goal are [Supervised Fine-Tuning (SFT)|[20] and
[ment Learning with Human Feedback (RLHF)|[21]. The is executed by giving the ground
truth forms of such dialogues, hence it learns to follow some instructions. However, [SFT|cannot be

very effective once the model generates unintended trajectories of text. [RLHF| fixes this issue by

allowing the model to explore a wider space of answers and learning from their estimated reward,
where the reward is estimated by a model that learns from human annotations. This also allows
aligning the with several criteria.

1.1.2 History of Affective Computing

Affective computing is an interdisciplinary field at the intersection of computer science, psychol-
ogy, and cognitive science, focused on enabling computers to recognise, interpret, and simulate
human emotions [22]; [22] also introduced the term ‘affective computing’. The evolution of the
field reflects an understanding of the crucial role emotions play in human-human relationships,
learning processes, and decision-making. Emotions are often considered more influential than 1Q
in various scenarios, contributing significantly to effective communication, collaboration, and ra-
tional learning in humans. This recognition has propelled the development of affective computing

and sentiment analysis as key components in the advancement of artificial intelligence.

The primary objective of affective computing is to bridge the gap between human emotional ex-
periences and machine understanding. By incorporating emotional intelligence into computing
systems, affective computing aims to enhance human-computer interaction, making it more in-
tuitive and responsive. This field encompasses a wide range of applications, including business
analytics, politics, healthcare, education, and social media, where understanding and analyzing

human emotions and opinions are increasingly valuable.

Historical Context and Evolution

The history of affective computing can be traced back to the late 1990s when researchers began ex-
ploring the possibility of endowing machines with the ability to understand human emotions. One
of the foundational works in this area was the introduction of methods for predicting the semantic
orientation of adjectives, which laid the groundwork for sentiment analysis [23|]. Following this,
the early 2000s saw significant advancements with the application of techniques to classify

sentiment in text, particularly in domains such as movie reviews and customer feedback [[24,25].
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The mid-2000s marked a period of growth for affective computing, with researchers developing

methods for extracting opinion propositions and their holders from text [26]]. This era also saw the

emergence of benchmark datasets and shared tasks, such as the SemEval [Aspect-Based Sentiment]

[Analysis (ABSA )|tasks, which provided standardized datasets and evaluation metrics, significantly
advancing the field [27].

The late 2010s and early 2020s witnessed a paradigm shift in affective computing due to two core
avenues (i) progress in methods, namely the introduction of Word2Vec, then
and Transformer models, notably which improved the accuracy and context-
awareness of sentiment analysis systems [2829], and (ii) deeper exploration of more nuanced
affective computing tasks, like suicide tendency detection, well-being assessment, personality as-
sessment, engagement measure and others. These progressions have enabled a more nuanced
understanding and interpretation of human emotions, allowing for more granular insights into text

by focusing on specific aspects or features of entities.

Core Components and Methodologies

Affective computing encompasses several core components and methodologies, which can be
grouped into three main categories: sentiment-based signals, psychology-based signals, and im-

plicit/latent signals.

Sentiment-Based problems These involve tasks that directly focus on analyzing sentiments and

emotions within textual data:

* Sentiment Analysis: Also known as opinion mining, this task determines the sentiment
polarity (positive, negative, or neutral) expressed in text. Sentiment analysis can be ap-
proached at various levels, including document-level, sentence-level, and aspect-level anal-
ysis [30,[31].

* Aspect-Based Sentiment Analysis: This task provides more granular insights by focusing
on specific aspects or features of entities, determining the sentiment polarity associated with
each feature [25]28]].

* Opinion Extraction: Involves identifying subjective expressions and associated opinions
within text. This task includes subjectivity detection, opinion holder identification, and
opinion target extraction. Foundational work by [32]] introduced a gold-standard dataset for

subjectivity classification, laying the groundwork for future research in this area.
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* Subjectivity Detection: This focuses on identifying whether a piece of text is subjective
(expressing opinions, feelings, or beliefs) or objective (stating facts). Subjective expressions

are phrases that convey emotions, opinions, or speculations [|33}34].

* Sentiment Intensity and Emotion Intensity Ranking: These tasks aim to determine the
degree or intensity of sentiment and specific emotions expressed in text. Techniques involve
assigning numerical scores representing the intensity of sentiment or emotions, contributing

to a more fine-grained analysis of human emotional expressions [35}[36].

Psychology-Based Problems These tasks focus on detecting psychological states and issues

from textual data, such as mental health and abusive behaviour:

» Toxicity Detection: This task involves identifying the harmful or abusive language in the
text. Techniques for detecting hate speech, offensive language, and other forms of toxicity

have been developed, leveraging large-scale datasets and models [37H39].

* Suicide-Tendency Detection: Focuses on identifying signs of suicidal ideation in textual

data. Early work explored [Natural Language Processing (NLP)| techniques for analyzing

sentiment in suicide notes, and later research expanded to include social media data [40-42].

* Well-being and Stress Assessment: Involves identifying signs of well-being or stress in
textual data, often utilizing linguistic styles and markers to assess psychological states [43]
44).

Problems with Latent Signals These tasks focus on detecting implicit traits and behaviours

from text:

» Sarcasm Detection: Focuses on identifying sarcastic expressions in text. Techniques in-
volve analyzing linguistic and contextual signals indicative of sarcasm, with applications in

various domains such as social media and dialogue systems [45-47].

* Big-Five Personality Assessment: This involves identifying the Big-Five personality traits
from text. Techniques include trait detection and scoring based on linguistic and contextual

signals indicative of personality dimensions [43}4849].

* Engagement Measurement: Involves predicting the level of engagement (e.g., likes,
shares, comments) that a piece of content will receive. Techniques include engagement pre-

diction and virality assessment based on content characteristics and user behaviour [SOLS1].
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Affective computing continues to grow as a vital field of research, offering valuable insights and
technologies that enhance human-computer interaction by understanding and responding to human
emotions and behaviours. By integrating sophisticated machine learning models and interdisci-
plinary approaches, affective computing aims to make computers more empathetic and adaptive,
ultimately improving the quality of interaction between humans and machines across various do-

mains.

1.2 Research Questions

This work is primarily concerned with exploring the emerging capabilities of foundation models
and how they impact a wide range of affective computing problems. With the rise of foundation
models and their effectiveness, a new paradigm of |All has emerged, namely making predictions
by way of prompting using generalist foundation models; this is introduced as the “prompting
paradigm” in this work. This paradigm already shows great potential and is expected to grow
bigger in the future. As a result, this work is concerned with laying the fundamentals for the
interplay between foundation models and affective computing. Furthermore, some nuances of
this paradigm are investigated as well, like fusion with traditional models, and the impact of
prompting on the effectiveness of foundation models and [LLMs|

The research questions investigated in this work are:

* RQ-1: Do foundation models encompass emergent abilities for solving affective computing

problems? This is investigated in Chapter[6] [[1]].

* RQ-2: What are the properties of the affective computing problems, where foundation mod-
els excel or fall behind? This is examined Chapter [12]].

* RQ-3: How sensitive are foundation models to the prompt templates used, given the major

impact of prompts? This is analysed in Chapter[§] [3].

* RQ-4: Can both the prompting paradigm and the traditional paradigm of specialised models
benefit from each other? This is explored in Chapter[9] [4].

1.3 Contributions

The contributions of this work are given as follows:

* Introduction of the “prompting paradigm”, in Chapter [5] which is a computing paradigm

based on foundation models and prompting for utilisation of foundation models to make
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predictions. In this work, this is primarily used in affective computing problems; however,

it can be applied to other scopes.

* Conducting initial studies to explore the emerging capabilities of foundation models in af-
fective computing problems. The initial study, in Chapter [6] compared the performance
on three affective computing problems, with various traditional techniques, namely,
Word2 Vec, [Bag-of-Words (BoW)| and utilising feature from RoBERTa

* Extending the initial results with a bigger scale and more systematic process on a wide

range of 13 affective computing problems, using GPT-3.5 and the [State-of-the-Art (SOTA)|

model GPT-4, to show the effectiveness of the new paradigm, in Chapter [/l The affective
computing problems are sentiment analysis, opinion extraction, aspect extraction, aspect
polarity classification, subjectivity detection, sentiment intensity ranking, emotions inten-
sity ranking, toxicity detection, suicide tendency detection, well-being assessment, sarcasm

detection, personality assessment, and engagement measurement.

* Introducing a method for evaluating prompting and the sensitivity due to prompting and
sampling. This is crucial since it is the main factor that decides how predictions are made,

given an underlying foundation model; this is introduced in Chapter 8]

* Conducting an analysis of the input prompt templates utilised to generate the predictions,
using the method in Chapter 3]

» Conducting a sensitivity analysis on the effects of sampling parameters, shown in Chapter 8]

* Investigating the added benefits of merging the new prompting paradigm with older existing
methods and how to do this effectively. This is in Chapter 9]

* Conducting a discussion regarding the ethical and societal impacts of foundation models
and affective computing, and mentioning highlights of the EU AI Act, which regulates [All
systems within the EU, in Chapter

1.4 Outline

The outline of the thesis is given as follows:

Chapter 2] explains the background of the different paradigms and models that are com-
monly utilised in the pre-foundation models era. Furthermore, the Transformer architecture is also
explained, which is the basis behind and how this morphed into the modern foundation

models.
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Chapter [3] explores the background of the different affective computing problems and the cor-

responding problem statements.
Chapter @] explores the datasets used in all the studies.

Chapter 5| presents the new paradigm of predictive learning, namely the prompting paradigm,
which outlines a general framework for using foundation models as models to predict affective

signals. The studies generally align with the presented framework.
Chapters [6] to [9] constitute the main four studies corresponding to the aforementioned four re-
search questions, introducing the prompting paradigm and how foundation models can be effec-

tively used for solving affective computing problems.

Chapter (10| presents an ethical discussion about the impact of foundation models and affective

computing, and the EU Al Act and its role in regulating general-purpose Al systems.

Chapter [11] concludes this work.
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Chapter 2
Machine Learning

[ML]is a branch of [A]] that focuses on building systems capable of learning from data, identifying
patterns, and making decisions with minimal human intervention. There are four major paradigms
for applying Supervised Learning, Unsupervised Learning, Self-Supervised Learning, and
Reinforcement Learning. specifically is applied in many domains, including but not
limited to [Computer Vision (CV)| [NLP| and Speech Processing. Many classes of problems and
domains are solved by in many different modellings.

While powerful, these models have limitations in handling complex, high-dimensional data, lead-
ing to more advanced techniques like [Neural Networks (NNs)|and

2.1 Types of Machine Learning

Each type of machine learning has its own challenges and applications, and the choice among

them depends on the specific problem and the nature of the data available.

2.1.1 Supervised Learning

Supervised Learning is the most prevalent form of In Supervised Learning, an model
is trained on a labelled dataset, which means the output or the answer is already known. The
model learns a function f : X — Y that maps inputs X to corresponding outputs Y. Regression
problems in Supervised Learning are where Y is a continuous variable, whereas classification
problems are where Y consists of a discrete set of labels. Examples of regression problems include
predicting house prices based on various features, whereas examples of classification problems are

classifying emails into spam and non-spam.

13
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There are various classical [ML] models employed in this type of [ML] [52]], namely:
[eression (LinR)} [Logistic Regression (LogR)| [Decision Tree (D'T)} [Random Forest (RF)] (Gradient|

[Boosting (GB)| and [Support Vector Machines (SVM)l These models are often transparent and in-

terpretable, making them suitable for problems where understanding the decision-making process

of the model is crucial.

2.1.2 Unsupervised Learning

In Unsupervised Learning, the training data is unlabelled, meaning there is only input data X, and
the goal is to find underlying patterns or structures from the data without guidance. Unsupervised

learning can be considered a technique to extract meaningful representations from unlabelled data.

Common Unsupervised Learning tasks include:

¢ Clustering of similar data points together, e. g., using k-means or [Gaussian Mixture Modell

(52].

* Dimensionality reduction of the number of variables in data or feature spaces, e. g., [Princi
[pal Component Analysis (PCA)[[52].

* Anomaly detection of data points that raise suspicious activity.
Unlike supervised learning, the main advantage of unsupervised learning is that it can be used on

large amounts of data because it does not need an annotation process to extract ground truth labels

to train on.

2.1.3 Self-Supervised Learning

[Self-Supervised Learning (SSL)|is a paradigm in [ML] part of unsupervised learning, where the

system generates its own labels from the input data. This approach is instrumental in scenar-
ios, when labelled data is scarce or expensive to obtain while unlabelled data is very abundant.
circumvents the limitation of scarce labelled data by exploiting the inherent structure of the

unlabelled data to learn meaningful representations.

In a pretext task is created where a portion of the data is hidden or transformed, and the model
is trained to predict this missing or altered information. For instance, a common pretext task in
image processing is to remove a part of an image and train the model to predict the removed
portion [53]]. In a typical [SSI] task might involve predicting a neighbouring word [54]] or
predicting the next word in a sentence [17]], which is the typical setup in training After that,
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models can employ transfer learning through fine-tuning on a much smaller labelled dataset

to achieve better results than training on the labelled dataset from scratch.

The key benefit of is that it can leverage large volumes of unlabelled data, allowing the model
to learn rich feature representations that can be fine-tuned for specific tasks with minimal labelled

data. This approach has shown significant success in various domains.

2.1.4 Reinforcement Learning

[Reinforcement Learning (RL)|is one of the major types of It is concerned with how agents

ought to take actions to achieve goals in a complex environment, by maximising a notion of cumu-
lative reward. The framework is compelling in settings where the solution is not immediately
apparent and must be discovered through trial and error interactions with the environment.

modellings generally contain four essential components, namely:
* S is a set of states,
* Ais a set of actions,
e R:8 x A — Ris the reward function, and
* P:SxAxS — [0,1] is the transition probability that defines the probability of transi-

tioning from one state to another given an action.

The main aim of[RL]is to establish a policy 7 : S — A, which specifies the action the agent should

take at each state to maximise the total expected cumulative rewards.

is about making sequences of decisions by learning to achieve a goal in a potentially complex

and uncertain environment. The work in [55] demonstrates how [Deep Reinforcement Learning]
(DRL)|can be utilised in mastering very complex games like Dota 2. Another example is AlphaGo

Zero [56], which demonstrates how an agent based purely on self-play can master the game of Go.

Self-play was achieved by training a policy that tries to win against an opponent using the same
policy to play. [RL]has also profound applications in as demonstrated by instruction aligning
in InstructGPT [21]].

2.2 Support Vector Machines

constitute a set of supervised learning methods for classification and regression [52,[57]). It

works well on various datasets, particularly in cases where the dimensionality of the data is high.
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Its ability to use different kernel functions makes it versatile and capable of handling non-linear
relationships between features. Efficient implementations for linear[SVMs|are introduced by [58],

based on gradient descent algorithms.

2.2.1 SVM for Classification

The primary objective of classification is to find a hyperplane in an n-dimensional space
(where n is the number of features) that distinctly classifies the data points. Many possible hyper-
planes could be chosen to separate the two classes of data points. The optimal hyperplane is the

one that represents the largest separation, or margin, between the two classes.

The hyperplane can be represented mathematically as:
w-X+b=0, 2.1

where w is the weight vector and b is the bias.

The objective is to maximise the margin between the hyperplane and the nearest data points from

each class, referred to as support vectors. This can be formulated as:

1
mi?§\|wH2 subject to  y;(w - x; + b) > 1V, (2.2)
W

where y; are the labels of the training examples x;, taking values +1 or —1.

In cases where the data is not linearly separable, uses a kernel function to map the input space

into a higher dimensional space where a hyperplane can be used to separate the classes. Commonly

used kernels include the linear, polynomial, [Radial Basis Function (RBF)] and sigmoid.

2.2.2 SVM for Regression

SVM]| can be used in regression tasks, known as [Support Vector Regression (SVR)l While using

the goal is to find a function which deviates from the actual observed responses ¥; by a value

no greater than e for each training point x;, and at the same time is as flat as possible.

Mathematically, attempts to fit the error within a certain threshold:

|lw-x; +b—y| <e 2.3)

To accommodate more flexible models, slack variables &; and £ are introduced to measure the
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degree of margin violations:

1 & \
min_[|w|®+ C ) (& +&), (2.4)
w,b&,% 2 P
subject to
yi — WX, —b<e+§, (2.5)
wex;+b—y <et§, (2.6)
&, & > 0Vi. (2.7)

Here, C' is a regularisation parameter that balances the trade-off between the flatness of f and the

amount up to which deviations larger than € are tolerated.

2.3 Neural Networks

NNs| are a foundational element in the field of [Al] particularly in Inspired by the biological
neural networks that constitute animal brains, these computational models are designed to simulate
how humans think and learn. At their core, neural networks consist of layers of interconnected
nodes, or neurons, each responsible for performing specific, simplistic computations. The neurons
are typically grouped into subsequent layers. The input layer receives raw data, which is then
processed through one or more hidden layers where the actual computation takes place, and finally,
the output layer delivers the result. This structure enables the[NN]to recognise hierarchical patterns
and features, hence making decisions based on higher-level information. The power of lies
in their ability to learn the parameters from data by adjusting them iteratively to maximise the
performance over time by minimising a loss function £. This process is known as the training

process, generally based on the backpropagation algorithm [59].

2.3.1 Multi-Layer Perceptrons

[Multi-Layer Perceptron (MLP)|is one of the most basic forms of [52]. Historically, it formu-
lated the first form of and assisted in formulating the backpropagation algorithm [59].

A demonstration of an[MLP|— the simplest form of a[NN|— with two hidden layers is demonstrated



CHAPTER 2. MACHINE LEARNING

18

‘

Figure 2.1: Demonstration of a simple with two hidden layers.
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in Figure Accordingly, the output b of the i node at the I™ hidden layer is given by:
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where all w;;",

2.8)

2.9
(2.10)

2.11)
(2.12)

(2.13)

are the parameters of the in this example, these can be thought of as the

connections shown in Figure f () are non-linear functions (called activation functions), and Ui

is the predicted output corresponding to the label y;.

A total error value € = % > évzl L(y;, §;) is calculated, where L is a loss function comparing both

the inputs and outputs, then the gradients with respect to all parameters are calculated and used

for updates.

2.3.2 Generalised Definition of Neural Networks

In many resources, are defined very similarly to [MLPs| mainly due to historical reasons,
given that [NNfs|started as However, this definition is very limiting to understanding what

have become today, performing extremely complex operations like scanning images and

modelling language. Thus, a generalised definition of is given here, which is used implicitly

by modern-day systems that build large for practical purposes.

In order to give a generalised definition of two main building blocks are defined as follows:
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* A tensor is an n-dimensional array of numbers, typically floating-point (decimal) numbers.
That is a tensor 7" is amember T € T, where T = U,,cnR™.

* A computational operation is a differentiable function f : 7™ — 7T that transforms an

ordered list of tensors into another set of tensors.
Tensors within the scope of an[NN]can be categorised into four main categories:

e placeholders X for the input to the
* parameters © of the given [NN|

* Intermediate tensors that are output from the computational operations (used on any of the

available tensors),

* A subset Y of the intermediate tensors, which is the set of output tensors of the [NN|

Given the earlier definitions, [NNs|can be defined as a directed acyclic computational graph con-
sisting of tensors as nodes, where different tensors are connected by assigning pairs of such sets to
computational operations. Subsequently, data can flow within an for two possible purposes:
training and inference. Furthermore, data can flow in forward or backward directions, also known

as feed-forward and backpropagation, respectively.

The feed-forward pass is used in both training and inference, mainly by assigning the placeholders
X some values, then running the tensors through the graph by computing the functions of the
corresponding computational operations of the network along the way, until the values of the

output tensors Y are obtained. These values are the predictions at inference time.

The backpropagation step is used in training and must be used after a feed-forward pass. After
reaching the output tensors Y, a computational operation with a loss function £ is computed using
Y while recording all the computational paths that reach Y on a tape. Eventually, according to the
values of £ and the computational paths recorded on the tape, all the parameters @ are updated
accordingly. The updates are based on the gradients of Vg£ of a loss function £ (computed on

Y) w.r.t. the parameters ©.

An essential component of the evolution of is primarily focused on engineering the archi-
tectures of the computational graphs of to better process information depending on a given
problem, without bottlenecks in information processing that hinder the capabilities of inferring

deeper features.

An|[NN|can be considered a sophisticated factory production line, where a conveyor belt transports

items (data) through various stages, each representing a different layer in the network. These
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stages are akin to computational operations in|[NNs| such as convolutional layers in|Convolutiona

[Neural Networks (CNNis)|or attention layers in Transformers. As each item (a tensor representing

multidimensional data like an image or text snippet) moves along the conveyor belt, it undergoes
transformations at each stage. These transformations modify the attributes of the items - similar
to how data is processed and altered in each layer of an[NN| For example, in an image recognition
task, an image tensor is progressively altered to emphasise certain features like edges or textures,

analogous to the item being reassembled at each stage of the factory line.

The entire journey of the item on the conveyor belt parallels the forward pass in where data
flows from the input to the output layer, being transformed along the way. Upon reaching the
end of the line, the final product undergoes a quality check, analogous to the output evaluation
by a loss function. If the product does not meet standards, feedback is sent back along the con-
veyor belt, instructing each station to make specific adjustments. This mirrors the backward pass
in where gradients are calculated and used to update the parameters of the network © to
improve future outputs. Over time, this process of continuous feedback and adjustment enhances

the efficiency of the factory, much like [NNs|learning and refining its accuracy through training.

2.3.3 Recurrent Neural Networks

are a class of neural networks adept at processing sequential data. They achieve this by
maintaining a hidden state that captures information from previously seen elements in the se-
quence. A general common property is satisfying the constraint that [y, ht] = f (¢, yi—1, ht—1),
processes a sequence by zj..7 by using the sequentially, using the given property for all
tell,T]. often struggle with long-range dependencies due to the vanishing and explod-

ing gradient problems during training. However, two main architectures overcome this limitation,

namely [LSTM]|[[13]] and [14].

Long Short-Term Memory (LSTM) [13]] units are a special kind of architecture
designed to combat the vanishing gradient problem in Vanilla[RNNs| An[LSTM] unit comprises

a cell, an input gate, an output gate, and a forget gate. The cell remembers values over arbitrary

time intervals, and the three gates regulate the flow of information into and out of the cell.
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The equations governing the LSTM unit are:

fr =0 (Wy - [hy—1, ] + bf) (2.14)
it = o (Wi - [hi—1, 2] + bi) (2.15)
C; = tanh(W¢ - [hy—1, 2] + b¢) (2.16)
C,=f*Ci_q+ i % C (2.17)
or = o(Wy - [hi—1, 2] + bo) (2.18)
hy = oy x tanh(Cy), (2.19)

where o is the sigmoid function, W and b are weights and biases, f;, ¢;, and o; are the forget,

input, and output gates, respectively, C; is the cell state, and h; is the hidden state.

2.3.4 Transformers

The Transformer architecture [[16] revolutionised sequence processing, particularly in Trans-
formers were initially introduced in the context of [16]. The Transformer architecture de-

ploys an encoder-decoder architecture, typical in sequence-to-sequence problems.

Transformers solve conditional auto-regressive text generation, meaning generating text in an
auto-regressive fashion that is conditioned on some input. In the context of this gener-
ates a translated text sequence in a target language, conditioned on the input text in a source
language. However, in the context of the conditional generation part is removed, and the
problem becomes unconditional auto-regressive text generation. Unconditional generation entails
just language generation without any conditions, except for the input text to start generating with,

which will be the alternative way to condition text generation as discussed Chapter 3]

The encoder and decoder in the Transformer architecture consist of /V identical blocks and dimen-

sionality d, that contain several components, which are highlighted in the following sections.

Byte-Pair Encodings

[Byte-Pair Encoding (BPE)|is a tokenisation method primarily used to preprocess text data in
Initially developed for data compression, has found significant utility in the field of

especially in the context of Transformer-based models.

BPE| works by iteratively merging the most frequent pair of consecutive tokens (or characters
in the beginning) in the dataset. This process continues for a predetermined number of merge

operations. The result is a set of high-frequency tokens and a vocabulary of subword units, which
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can represent common morphemes or word segments effectively. These subword tokens help
manage vocabulary size, allowing the model to handle rare words or out-of-vocabulary terms by
breaking them down into smaller known units. This technique has been pivotal in improving
the performance of models like [GPT| and [BERT] as it allows for more efficient and expressive

representations of text data.

Attention Mechanisms

The attention mechanism is central to the Transformer model. It is defined as follows:

. QKT
Attention( @, K, V) = softmax | — | V, (2.20)
Vd

where @, K, V are the query, key, and value matrices, respectively. The matrices K, V originate

from one sequence, while () can originate from another sequence.

The Q € R74*4 is a sequence of vectors originating from a sequence X of length T'x, where the
vectors represent information queries to ask for at each time point. On the other hand, K, V €
RT=xd are sequences of vectors originating from a sequence E of length T. K represents an
identifier of the kind of information in the sequence at each time point, whereas V represents the
actual corresponding information content (or value) at each time point.

Putting all of this together, the inner product % € RTxXTE jg a similarity matrix between all

combinations of time points of the two sequences X, £/, showing the similarity between informa-
tion being asked for by the sequence X by queries () and the kind of information they match in the
sequence F identified by K. Applying softmax normalises these to probability vectors over the
sequence F, constituting the attention weights matrix. Finally, multiplying the attention weights
by V performs a weighted average over the information content averaged by their corresponding
attention weights. Conclusively, the output of Equation (2.20) is a sequence corresponding to the
sequence X containing different information from £ while attentively matching time points from

X with all the times points from F.

Equation (2.20) is typically applied in one of three ways, hence forming three types of attention:

* Cross-attention is when X and F are different, hence Equation (2.20) is making predictions

for the sequence X, while conditioning the prediction on information in the sequence F.

* Self-attention is when X and E are the same sequence. Equation (2.20) would compute

relations between different elements of the given input sequence.

* Causal Self-attention, which is self-attention done causally by modifying the attention weights
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to be zeros at the points where () can access future elements of the sequence correspond-
ing to K, V, this is achieved using a lower-triangular matrix. In that case, the masking
. . . T . . . .

is achieved by masking % to be —oo, hence achieving a weight of 0 after applying the

softmax function while ensuring the sum of weights remains 1.

Multi-head Attention

The[MHA]mechanism is described by Equation (2.20). It extends it by linearly projecting Q, K, V
multiple times with different learned linear projections and then performing the attention function

on each using Equation (2.20) independently (in parallel), followed by concatenation:

MultiHead(Q, K, V) = Concat(head,, . . ., heady) W ° (2.21)

where head; = Attention( QWiQ, KWE vw.") (2.22)

In these equations, WiQ, WX, WV, and W© are parameter matrices.

The intuition behind is simply applying multiple instances (H instances) of the attention
mechanism described earlier, so that different heads can focus on specific concepts, then share this

information eventually by the projection at the end in Equation (2.21).

Position-wise Feed-Forward Networks

Each layer in the Transformer contains a simple, fully connected feed-forward network, which is

applied to each position separately and identically:
FFN(%) = f(le + bl) Wo + b, (2.23)

where W7, Wo are weight matrices, b1, by are bias vectors, and f is a non-linear activation func-
tion. In the original Transformers [16], ReLU function was used as f, however, in variants
GELU is used [[60].

Positional Encoding

Given that the attention mechanism by design does not pay attention to the positional nature of
sequences. It simply calculates attention weights between all the time combinations of the given
sequences. As a result, if a sequence is to have the same element but repeated at different positions,

then the attention mechanism as-is would not distinguish between the different repetitions. This
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motivates the need to employ additional information encapsulating information about the locations

of the elements in the sequence.

To account for the sequence order, additional positional encodings PE corresponding to an input

sequence of dimensionality 7' x d are used, given by:

t
PE;o; =sin | ——— ), 2.24
t
PE; 9i11 = ), 2.25
i1 cos(mooogl/» (2.25)

where ¢t is the position and 7 corresponds to the dimension. The values of ¢, ¢ are set up to reach

the same dimensionality as the input sequence.

The positional encoding can then be combined with a sequence of token embeddings using point-

wise addition.

Layer Normalisation and Residual Connections

Given the deep nature of it can be hard to optimise such deep due to the effects of
vanishing gradients with high depth. To mitigate the side effects of this depth, two techniques are
employed. The first is using residual connections [61]] of adding the input of the sublayer to the
output of the sublayer, where the sublayer here refers to the feed-forward network or the
The second is layer normalisation [62], which normalises each dimension from the d dimensions

of a given input to have 0 mean and 1 standard deviation. This is outlined by:

LayerNorm(z + Sublayer(z)). (2.26)

The aforementioned formulation is the formulation in [[16]. However, other formulations were

adopted later on. One of them is the formulation adopted in GPT-2 [63]]:

= + Sublayer(LayerNorm(z)). (2.27)

Encoder and Decoder Stacks

The Transformer uses stacks of N encoders and IV decoders blocks.

Encoder: Each layer in the encoder contains two sub-layers: a multi-head self-attention mecha-
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nism and a feed-forward network.

aY = LayerNorm(MHA (e~ (=) 4 (=1, (2.28)
el = LayerNorm(FF(a(") + a(V). (2.29)

The original input z is projected with an embedding, combined with the positional encoding,
and then used as e(?) in the above equations. The output of the encoder is e(™), which is a rich
representation of the given sequence x. The sole aim of this representation is to condition the

decoder by using cross-attention with e(¥).

Decoder: Each layer in the decoder contains three sub-layers: a causal multi-head self-attention,

then a cross-attention with the output of the encoder, then a feed-forward network.

a) = LayerNorm(MHA ¢qusa (4071 + a0 1), (2.30)
b = LayerNorm(MHA (a(¥), (V) 4 (), (2.31)
d) = LayerNorm(FF(b®) + p(")). (2.32)

The decoder is fed a sequence after using a projection combined with a positional encoding on it

as d (0), similar to the encoder.

GPTs and Decoder-only Transformers

For decoder-only Transformers like and other [LLMs| the decoding is not conditioned on
an encoder, hence the cross-attention is removed. Given this using the normalisation from Equa-
tion (2.27), the equations for the decoder become:

aY) = MHA uusa (LayerNorm(d 1)) 4 ¢(i=1), (2.33)
d") = FF(LayerNorm(a(")) + o). (2.34)

In this setup, the decoder is fed the ground truth output shifted such that the prediction of the
decoder at time step ¢ has only seen elements at time step ¢ or earlier, due to the causal masking.
Accordingly, the prediction of the decoder at time step ¢ corresponds to the ground truth sequence

at time step ¢ + 1. For the training scenario, this is equivalent to training the decoder to simultane-
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ously predict the next element of a given sequence for all the sequence prefixes. For the prediction
scenario, the decoder block is then used to generate a sequence of length 7' by starting with the
sequence with a single element 7, then generating the 7" elements one-by-one by predicting the

output y1, ¥2, - - - , Y in an auto-regressive fashion.

BERT and RoBERTa, and Encoder-only Transformers

IBERT] is a significant advancement in applying Transformer models for natural language under-
standing [17]. BERT]is an encoder-only Transformer. It stands out due to its bidirectional context

understanding, achieved through a novel training approach known as [Masked Language Mod-|
elling (MLM)| In[MLM] some percentage of the input tokens are masked randomly, and the model
is trained to predict these masked tokens based on their context. This training allows |[BERT] to

develop a deep understanding of language context and word relationships.

Another distinctive feature of [BERT]is its ability to be fine-tuned for a wide range of tasks
with minimal task-specific adjustments. This versatility and powerful language understanding

capabilities have led to its widespread adoption and numerous adaptations.

[Robustly optimised BERT Approach (RoBERTa)|is an optimisation and refinement of [64].
modifies key hyperparameters in and removes the [Next Sentence Prediction|
task from the training process, focusing solely on It also trains on a larger dataset
for a longer duration with larger mini-batches. These changes result in significant performance
improvements over [BERT]on various tasks. There are two variants of of different
sizes, namely RoBERTa-base and RoBERTa-large.

There are two ways of utilising transfer learning with models, either by fine-tuning
or by using them as feature extractors without fine-tuning. In [1.[2, 4] only RoBERTa features
rather than fine-tuning RoBERTa is used because the complexity of fine-tuning is significantly
higher compared to using the features. The experimental designs in these works intentionally
avoid increasing the complexity of specialised models (trained specifically for the tasks) to em-
phasise their accuracy and to objectively assess the limitations of the inspected [LLMs}, otherwise,
it would be expected that generalist would fall behind. On the other hand, the feature ex-

traction approach was shown to be effective in many setups [17,/65]], especially when combined

with [LSTMs| [[66]].

Both [BERT]| and [RoBERT4 serve as foundational models for numerous subsequent developments
in the field of [NLP} highlighting the effectiveness of encoder-only Transformer architectures in

understanding and processing natural language.
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\ this \ is \ a \ happy \ story \ very \ sad \ I \ feel \ today

Documents with

This story is a happy story | 1 1 1 1 2 0 0 |0 O 0
This is a very sad story 1 1 1 0 1 1 1 0] O 0
I feel sad today 0 0 0 0 0 0 1 1 1 1
Document count 2 ]2 2] 1 [ 2 [ 1 [2J1]1] 1
Documents with TF-IDF|

This story is a happy story | 0.5 | 0.5 | 0.5 1 1 0 0 0
This is a very sad story 05 05|05 0 0.5 1 0510 O 0
I feel sad today 0 0 0 0 0 0 05 |1 1 1

Figure 2.2: and approaches to produce representations. The first three rows
show the count of each word in the corresponding document, which is the [['F representation. The
row after this shows the number of documents where a word exists. The last three rows show an
approach for namely dividing the [TH representation by the corresponding word counts.
The columns for the stop words ‘is’ and ‘a’ are commonly dropped in practice.

2.4 Pre-foundation Models Natural Language Processing

2.4.1 Bag-of-Words Approaches

The is a widely used technique in [NLP| and information retrieval. At its core, [BoW] is
a method for simplifying text representation by disregarding grammar and even word order but
keeping multiplicity. This model converts text into a numerical representation, commonly a vector,
where each unique word corresponds to a value in the vector. The value at each index reflects
the frequency or presence of the corresponding word in a document. This vector can be used
within any of the typical models, like A demonstration of two variants, namely
[ITerm-Frequency (TF)|and [Term-Frequency Inverse Document Frequency (TF-IDF)| are depicted
in Figure

Due to the possible large vocabulary sizes, the vocabulary (e. g., the header row in Figure[2.2) is

restricted to the most common N words, where N is a tunable hyperparameter. The steps further
that are usually taken include removing stop-words, namely words like ‘a’ and ‘is’, because they
are too frequent in the language and hence do not carry a very unique meaning. Another step is
normalising the frequencies by the number of words in the corresponding sentence. Finally, there
are more advanced variants of namely which normalises the score of each word by

the number of documents it appears in (or the log thereof).

The model has its limitations. It treats all words equally important, ignoring their context
and grammatical relationships. For instance, “This is bad and not good” and “This is good and not

bad” will have the same representation despite having totally opposite meanings. Despite
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these drawbacks, the simplicity of the model and its ease of implementation make it a popular

starting point in text analysis.

2.4.2 Word2Vec Approaches

Word2Vec is a groundbreaking approach in the field of that revolutionised how machines un-
derstand human language [54]]. Unlike traditional models that encode words as isolated symbols,
Word2Vec captures the context and semantic meaning of words by analysing their co-occurrence
in large text corpora. The model uses a shallow [NN]to learn word associations from a large text
corpus. Once trained, the model generates vectors for each word in the corpus, with the position
of a word vector within a multidimensional space reflecting its relationship to other words. Words
with similar contexts in the corpus are positioned closer in this vector space, effectively captur-
ing their semantic similarity. This allows Word2Vec to facilitate tasks like finding synonyms and

analogies and even predicting words in a sentence.

One of the critical strengths of Word2Vec is its ability to capture the meaning of a word based on

its usage in different contexts. Two primary architectures are used in Word2 Vec: |Continuous Bag-|
of-Words (CBoW)|and Skip-Gram. CBOW predicts a word based on its context, effectively using

surrounding words to predict a target word. In contrast, Skip-Gram does the opposite; it uses a

word to predict its surrounding context. This makes Skip-Gram particularly effective with smaller
datasets and better at representing less frequent words. The ability of Word2Vec to transform
words into vectors not only aids in understanding the semantic and syntactic relationships between
words but also enables the application of mathematical operations to words. For example, by
manipulating the vectors, one can find the word most similar to the result of the equation ‘king
- man + woman’, which should closely match the vector for ‘queen’. Despite its simplicity, the
impact of Word2Vec on [NLP| and has been profound, setting the stage for more advanced

language models and embedding techniques.

2.5 Large Language Models

A very general definition of is: are models that can predict the probability of a string
to occur within a language. However, with the popularisation of the definition of
has shifted focus on auto-regressive because they can be used to generate text. Therefore,
despite the general definition, within this work refer to auto-regressive On the other
hand, are just large-scale based on the Transformer architecture; large-scale is not

strictly defined, but it usually refers to|LMs| with more than one billion parameters.
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2.5.1 Auto-regressive Language Models

LMs| are any models that can model language by predicting how probable a string s will occur
in the given language. This is typically modelled in auto-regressive fashion by predicting the

following probability for all possible tokens 7 in a vocabulary:

V7 Play = 7loy, - 2e1), (2.35)
hence, predicting the probability of a string consisting of a sequence of N tokens 71, ,7y by
using the following equation:

N
HP($t:Tt|$1:7'17"‘ S Ti-1 = Ti-1), (2.36)
t=1

or equivalently by calculating what is known as the perplexity of the sequence:

N

1
exp(fﬁ ZlogP(act =T|m =71, T—1 = Ti—1)), (2.37)
t=1
or shortly,
N
1
exp(— Y log B(mi|m, -+ . 7i-1)). (2.38)
t=1

2.5.2 Generating Text using Language Models

Given an[LM] it can be utilised to complete a given text, consisting initially of n tokens: 71, 72, - -+ , 7y,.
In order to generate tokens 7,41, Tp42, -, TN, a tree search can be performed to explore the
search space of all possible completions. A string is expanded by one token at a time, checking
all the possible tokens in the vocabulary of the given [11]. This continues until a maximum
number of tokens is generated or a special token is encountered, a token denoting ‘end-of-text’ or
‘end-of-sentence’. In the end, the branch with the highest probability is selected as the generated
text, alternatively, the path with the lowest accumulated negative log-likelihood. An example of

this expansion is depicted in Figure[2.3]

Executing this mechanism is obviously not feasible due to the exponential size of this search
space. Hence, different pruning mechanisms are typically utilised to restrict the search space.
typically outputs a list of values, known as logits, /1, lp, - - - , ly/, where V is the vocabulary

size. The softmax function is applied to these values to obtain the probabilities p1, p2,--- , pv,
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which is used as the probabilities in Equation (2.35), where:

exp(l)

- T F\R) 2.39
P ST en(l) 39

There are some techniques to prune such search trees in a reasonable way by manipulating the
logits, obtaining modified probabilities, and then sampling a token with the modified probabilities.

These techniques are investigated in [67]], they are given by:

* Greedy Search: Always choose the highest probable next token. For example, in Fig-
ure the expansion would always take the leftmost branch.

* Beam Search: Given a beam size B, the algorithm selects at each level the B branches with
the highest cumulative probability up to that level, then expands only these branches [68§]].
In each of the subsequent levels, the best B are selected. In practice, the
[Likelihood (NLL)|of the cumulative probability is used for numerical stability.

* Random Sampling: Sample one token at each level with sampling probabilities corre-
sponding to the probabilities of the tokens. For example, sample one token from the children

at each level with their corresponding probabilities as predicted by the model.

* Temperature Sampling: Given a parameter 7', divide the logits of the probabilities by T’

before sampling, then normalise the probabilities, and then perform random sampling [69].

* Top-k Sampling: Given a parameter k£, pre-select k& tokens with the top probabilities, then
normalise the probabilities of the selected tokens, and sample a token like random sampling
or temperature sampling. For example, in Figure[2.3|with k£ = 2, the sampling would sample
from the words ‘like’ and ‘so’ at the first level with ratio 27:12. After the word ‘very’ in the

second level, it would sample from ‘happy’ and ‘blessed’ with ratio 35:9.

* Nucleus Top-p Sampling: Given a threshold parameter top-p, pre-select the tokens by
selecting the smallest set of tokens with probabilities that add up to top-p or higher, then
normalise the probabilities of the selected tokens, and sample a token like random sampling
or temperature sampling [67]. For example, in Figure [2.3| with top-p = 0.3, the first level
would sample from the two tokens ‘like’ and ‘so’ with ratios 27:12. In the second level after
the word ‘very’, ‘happy’ will always be sampled since it is the only possibility because it

has probability higher than top-p.
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Today I received some really good news, I feel

0. 0.1 0.10 .04
like Ny Ve'ry that
0.37 O-ZA 0% 09
I e happy  ---  happy blessed

Figure 2.3: Expansion of how an continues the text “Today I received some really good news,
I feel - --”. As calculated by the ‘gpt-3.5-turbo-instruct-0914°.

2.5.3 Large Language Models as Few-shot Learners

With the publication of the GPT-3 model, a new concept was introduced, namely that are
few-shot learners [18]]. This means that, if an|[LLMs]|is given a text to complete, which includes a
few examples of how to solve a specific task, then it figures out the task and solves it for a given
instance. The expression few-shots means few guiding examples in the input; hence one-shot
means a single guiding example. The expression zero-shot means no guiding examples are given,
only the task description. The groundbreaking discovery is the fact that the [LLMs|can solve the
tasks without being trained to do them in advance, and the guiding examples are only given during
inference and not during training. This implies that acquire some emerging skills simply
by scaling the models and the training data, without explicit training to develop such skills. This
has been discovered to be a general capability of namely that scaling[LLMs]results in them
acquiring emerging skills without being trained to do [19]. Such emerging skills include

and text summarising.

As an example of translating a sentence, the model can be used to continue the following text:

1313

Der Staat muss die Wiirde aller Menschen schiitzen. —

The state must protect the dignity of all people.

Jeder Mensch hat das Recht zu leben. —

999

which can output the following text as a translation:

‘Every person has the right to live.’
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In this example, the model was never asked to translate, and it inferred this from the example.

The intuition behind why this property of exists can be explained in the following examples.
For a given to predict the next token, the model must reason about the text in the preceding
text in some capacity. For example, in Figure the model has reasoned that the next token has
to be an adjective or an expression describing a feeling. Additionally, it reasons the given text
demonstrates strong positive emotions, hence the feeling has to be a positive emotion, and needs
to be emphasised. As a result, it predicts emphasis words like ‘so’, ‘very’ with high probabilities
followed by a positive adjective, or it predicts the words ‘like’ or ‘that’, which start an expression
describing a feeling, expression like “: - - like I am flying on cloud nine”. Another example that
was given is if a model is processing a thriller novel and after processing all the plot, it arrives at
the point in the thriller where a major reveal is about to happen, namely by finishing a sentence like
“the person who committed this crime is - - - . A model that is successful in predicting the next
token with the reveal of the person is a model that is somewhat capable of doing some detective
work or at least understanding the plots of thriller novels. In conclusion, learn a projection
of a world model that is taught through the data of the whole internet, which includes a large
amount of the collective knowledge of humans; by learning to predict the following tokens, it

learns to reason about this collective knowledge, hence developing some emerging skills to do so.

This property allowed the existence of a new paradigm in Instead of training one model to
solve a specific problem, one [LLM|can be trained and used directly to solve several tasks. The
main bridge to utilise this paradigm is the prompting, namely engineering the initial seed text that

generates the desired answer upon completion.

2.5.4 Aligning Large Language Models

such as InstructGPT [21]] represent significant advancements in the field of How-

ever, these models often require alignment to ensure that their responses are accurate and concord

with human values and intentions. [Proximal Policy Optimisation (PPO)| a reinforcement learning

algorithm, plays an instrumental role in this alignment process.

The alignment of follows the framework [21}[70}/71]):

1. Train a base which is training an to predict the next tokens, on a very gigantic
scale. This is typically the most costly step in training

2. Conduct [SFT]on the base from step 1, to model the language of imaginary conversa-

tions between a user and an assistant.

3. Collect samples of generated conversations, generated by the model from step 2 or previous
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iterations of this process, and let human annotators annotate different criteria.

4. Modify a copy of the trained[LLM]and fine-tune it to predict the rewards given by the human

annotators.

5. Align the from step 2 using techniques [21170]], while using the reward model

from step 4 as the reward system.

Supervised Fine-Tuning

is a fundamental technique in training and aligning [18L/63},/72]]. This process involves
training the model on a labelled dataset, where the input-output pairs are provided explicitly. The

primary advantages of SFT are:

* Controlled Learning: allows precise control over the learning process by using cu-

rated datasets that exemplify desired behaviours and responses.

* Baseline Establishment: It provides a strong baseline for the performance of the model

before applying more complex techniques like RLHHE

* Consistency and Reliability: By learning from high-quality examples, the model develops

a congsistent understanding of language tasks, ensuring reliable performance.

In the context of [SFTis typically the initial phase of training, providing a robust foundation
upon which further alignment techniques are built, such as [PPO} this is done by fine-tuning base
to resemble texts of imaginary dialogues between a user and an assistant.

Overview of Proximal Policy Optimisation

[PPQis a policy gradient method for reinforcement learning that optimises a policy by taking small

incremental steps [[73[]. This approach is advantageous for several reasons:

* Stability and Efficiency: [PPO| balances the stability of [Trust Region Policy Optimisation]
(TRPO)|and the efficiency of simpler methods like vanilla policy gradient.

* Simplicity of Implementation: Compared to other algorithms like [TRPO} is more
straightforward to implement, as it does not require complex operations like computing the

Hessian matrix.
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* Adaptability: The flexibility of allows it to be applied to a wide range of environments,
making it suitable for tasks like aligning

The algorithm aims to maximise the expected reward while ensuring the policy does not
deviate significantly from the previous one [73]], maintaining a balance between exploration and

exploitation. The objective function of [PPOJcan be described as:

LOUP(9) = E, [min (Wﬁt, clip (7”’(‘”’515) 1—e1+ 6> Atﬂ . (2.40)
Trguld(a't‘st) Treold(at‘st>
Here, 6 represents the policy parameters, m denotes the policy, a; and s; are the action and state

at time ¢, A, is the advantage function, and € is a hyperparameter that controls the extent of the

mo(at|st)
0,14 (at]5t)

clipping. The term is the probability ratio between the new and old policies.

Application of PPO in Aligning InstructGPT

InstructGPT [21]], a variant of GPT-3 tailored for following instructions more precisely, requires
alignment to ensure it adheres to ethical guidelines and user intents. facilitates this alignment

through the following mechanisms:

1. Reward System: [PPQ] refines the responses of InstructGPT by using a reward system,

where desirable outputs are reinforced.

2. Tterative Learning: Through continuous interaction and feedback, enables Instruct-

GPT to learn from its mistakes and improve over time.

3. Adaptation to User Feedback: The adaptability of allows InstructGPT to adjust its
responses based on user feedback, hence deploying RLHF] ensuring better alignment with

human values and expectations.

The integration of in the training of InstructGPT exemplifies how advanced [RL] techniques
can be leveraged to enhance the performance and alignment of This not only improves the
accuracy of the models but also ensures their adherence to ethical standards and user intentions.

Approaches for scaling the training at this step are discussed in [74].

2.6 Ensemble Learning

Ensemble learning is a powerful paradigm where multiple models, often referred to as base

learners, are combined to solve a particular problem. The fundamental premise of ensemble
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learning is that a group of weak learners can come together to form a strong learner, often achieving
superior performance compared to any individual model. This approach leverages the diversity

among the models to reduce the risk of overfitting and improve generalisation.

2.6.1 Basic Methods of Ensemble Learning

The main strategies for creating ensemble models include averaging methods, majority voting,
and boosting. Each method has its unique approach to combining the outputs of the base learners

to make a final prediction.

Averaging Methods

Averaging methods take the mean of the predictions from all base learners. The primary assump-
tion here is that the errors of the individual models are uncorrelated, which means that averaging
will reduce the overall error. Mathematically, for a set of M base learners, each producing a

prediction ¢, for an input x, the ensemble prediction ¥ is given by:

1 M
== im (2.41)

This method is commonly used in regression problems where the output is continuous; however,
it can also be used for classification problems by averaging the predicted probabilities, which is a

continuous label.

Majority Voting

Majority voting is typically used in classification tasks. In this method, each base learner provides
aclass prediction, and the final prediction is the class that receives the most votes. If @T(nc ) represents

the prediction of the m-th base learner for class c, the ensemble prediction % can be expressed as:

M
§ = argmax, Z {ym = ¢}, (2.42)
m=1

where 1{-} is the indicator function that returns 1 if the condition is true and O otherwise. This
method is effective when the base learners are diverse and have varying strengths in predicting

different classes.
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Boosting

Boosting is an iterative method that focuses on training new models to correct the errors made
by previous ones. One of the most popular boosting algorithms is AdaBoost [75]], which adjusts
the weights of incorrectly classified instances, making them more important for the subsequent
models. The ensemble prediction is a weighted sum of the predictions of the base learners. Math-

ematically, for a sequence of models {f,,(z)} with weights {c,, }, the prediction F'(z) is:

M
F(z) =) amfu(z), (2.43)
m=1

where a,, is computed based on the accuracy of the m-th model. Boosting can significantly

improve the performance of the model by focusing on hard-to-classify instances.

2.6.2 Reasoning Behind Ensemble Learning

The effectiveness of ensemble methods can be explained through the bias-variance decomposition,
which states that the error of a model can be decomposed into three parts: bias, variance, and
random noise [52f]. Ensemble methods primarily aim to reduce the variance component of the

error, which is demonstrated below for the case of averaging.

When averaging the M base learners, then the variance of the averaged score can be given by [76]:

Var[F(2)] = (p + %)Var[f(x)], (2.44)

where p is the correlation between any pair of distinct predictors.

For the edge case of a perfectly correlated set of predictors, where p = 1, meaning that all models
are the same, then the variance is the same as this one model, essentially having no benefit for
multiple models. On the other hand, if the predictors have weak or no correlation p — 0, or
more predictors M — oo are used, the variance becomes less than the expected variance of the

individual base learners, acquiring more stable results that can generalise better.

2.7 Hyperparameter Optimisation

In[ML] hyperparameters are parameters set prior to the learning process that significantly influence
the performance of models. These differ from model parameters, which are learned during

training. Examples include the learning rate for gradient-based algorithms, the number of layers
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in a neural network, and the regularisation term in penalised models. Finding the optimal set of

hyperparameters is critical, as suboptimal choices may lead to poor model performance.

[Hyperparameter Optimization (HPO)|is the process of selecting the best hyperparameters to achieve

the best possible model performance on a validation dataset. Traditional methods include grid
search and random search, which are effective but computationally intensive, particularly for [DL]

models with large hyperparameter spaces. More efficient alternatives, such as evolutionary algo-

rithms, bandit-based methods [77]], and[Bayesian optimisation (BO)|[[78]], have gained prominence

due to their ability to optimise with fewer evaluations.

[Sequential Model-based Algorithm Configuration (SMAC)|is a comprehensive package de-
signed to handle various tasks [79]. It supports different scenarios through its versatile
framework, leveraging techniques like [Gaussian Process (GP)] [80] and [RF] [81]] models to opti-

mise hyperparameters efficiently.

1. SMAC4BB focuses on low-dimensional, continuous black-box functions, utilising[GPs|with
acquisition functions such as Expected Improvement (EI) to optimise hyperparameters in

continuous spaces.

2. SMAC4HPO extends traditional to include algorithm selection through a Combined
Algorithm Selection and Hyperparameter Optimization (CASH) approach, using[RFmodels

to handle complex conditional spaces.

3. For expensive tasks, SMAC4MF incorporates multi-fidelity optimisation, combining Hy-
perband techniques with [RF models to manage resource-intensive [DL] models.

4. SMAC4AC addresses algorithm configuration, using aggressive racing and [RE models to

evaluate and optimise configurations across different problem instances.

2.8 Evaluation Metrics

Evaluation metrics play a crucial role in assessing the performance of machine learning models,
providing quantitative measures of how well a model’s predictions align with actual outcomes.
This section describes several widely used evaluation metrics. Each metric serves a specific pur-

pose, reflecting various aspects of model performance depending on the nature of the task.

Mean Absolute Error

[Mean Absolute Error (MAE)| measures the average magnitude of the errors in a set of predictions,

without considering their direction [52]. It is the average over the absolute differences between
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the actual and predicted values. MAE]is less sensitive to outliers compared to[Mean Squared Error|

(MSE)| MAE] and [MSE] are used in regression tasks as a metric or loss function for training
The formula is expressed as:

N

MAE(y Z (2.45)

=1

where y; and ¢; are the true and predicted values, respectively.

Negative Log-Likelihood

INLI] also known as Binary Cross-Entropy (BCE)| is an evaluation metric used for binary classifi-

cation tasks. It measures the dissimilarity between the true labels and predicted probabilities [|52].
Lower indicates better model performance. is typically used as a loss function for
training for binary classification tasks. The formula for is:

N
NLL y y Z Yi IOg yz 1 - yz) log(l - yz)] (2-46)

where y; is the true binary label and §; is the predicted probability of the positive class.

Categorical Cross-Entropy

[Categorical Cross-Entropy (CCE)|is used in multi-class classification tasks, evaluating how well

the predicted probability distribution aligns with the true distribution [52]. It is an extension of
to handle multiple classes. is typically used as a loss function for training for

multi-label classification tasks. The equation is:

CCE(y,y

= \

N C
Z Z Yic 10g yzc (2.47)

where C' is the number of classes, y;. is the binary indicator (0 or 1) if class label c is the correct
classification for observation ¢, and {;. is the predicted probability that observation ¢ belongs to

class c.
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Classification Accuracy

[Classification Accuracy (ACC)|is a straightforward metric for evaluating classification models [|52].

It measures the ratio of correctly predicted instances to the total instances. Accuracy is a useful
metric when the class distribution is balanced. [ACC|is typically used in classification tasks. The

formula is:

oIy
ACC(y,¥) = - > (5 = v:), (2.48)

where I is the indicator function, which is 1 when ¢; = y; and O otherwise.

Unweighted Average Recall

[Unweighted Average Recall (UAR)|is an evaluation metric used in multi-class classification, par-

ticularly when classes are imbalanced [82]]. computes the average recall obtained on each
class, treating all classes equally regardless of their frequency. [UAR]is typically used in classifi-

cation tasks. The formula is:

TP

C
R 1 Z
c=1 ¢

e 2.4
TEN, (2.49)

where TP, and FN,, are the true positives and false negatives for class c, respectively, and C'is the

number of classes.






Chapter 3
Affective Computing Problems

This chapter delves into brief histories and definitions of the affective computing problems used

in the studies in this work.

3.1 Sentiment Analysis

Sentiment analysis, also known as opinion mining, focuses on determining the sentiment ex-
pressed in text. Early work in the late 1990s on predicting the semantic orientation of adjectives
laid the foundation for sentiment analysis [23]. [83] introduced methods for computing sentiment

orientation using point-wise mutual information.

The early 2000s saw significant advancements with [24] applying techniques to classify sen-
timent in movie reviews. [25] further extended sentiment analysis by focusing on mining and
summarising customer reviews. Since then, classical has led the frontier for sentiment anal-
ysis [30,84]]. Later on, with the emergence of Word2Vec [|54] and practical use of [I13]],
despite its early publication, sentiment analysis approaches have shifted towards [31]]. [85]

provide practical guides for sentiment analysis systems as well.

Problem Statement

Sentiment analysis involves determining the sentiment polarity or opinion polarity expressed in

text, namely positive, negative, or neutral. Other modellings use only positive or negative.

The task can be approached at various levels:

1. Document-Level Sentiment Analysis: Classifying the overall sentiment of a document.

41
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2. Sentence-Level Sentiment Analysis: Classifying the sentiment of individual sentences.

3. Aspect-Level Sentiment Analysis: Classifying sentiment towards specific aspects or fea-

tures within the text.

In this work, sentiment analysis refers to sentence-level sentiment analysis. Document-level sen-
timent analysis is not handled in this work, whereas aspect-level sentiment is handled as an inde-

pendent problem below, in Section[3.3]

3.2 Opinion Extraction

Opinion extraction focuses on identifying subjective expressions and the associated opinions within
text. The foundational work by [32], in the late 1990s, introduced a gold-standard dataset for opin-

ions and subjectivity classification, laying the groundwork for future research.

[26] contributed significantly by focusing on extracting opinion propositions and their holders.
The mid-2000s saw further advancements with [86] developing methods to automatically learn
extraction patterns for subjective expressions, and [87] providing detailed guidelines for annotat-

ing expressions of opinions and emotions.

Problem Statement

Opinion extraction involves identifying and extracting subjective expressions, including opinions,
emotions, and attitudes, from text. This is closely related to subjectivity detection, explained
in Section [3.4] with a crucial difference that subjectivity detection deals with sentence-level clas-

sification, where opinion extraction is word-based classification.

3.3 Aspect-Based Sentiment Analysis

emerged as an extension of sentiment analysis aimed at providing more granular insights
into text by focusing on specific aspects or features of entities. One of the earliest works in this
area proposed methods to extract product features and determine the sentiment polarity associated
with each feature from customer reviews [25]]. This foundational work laid the groundwork for

future research in aspect extraction and sentiment classification.

In the mid-2000s, [88] introduced methods for identifying product features and opinions using

syntactic patterns and statistical techniques. The mid-2000s saw significant advancements with
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studies like [26] focusing on extracting opinion propositions and their holders, and [89]] on ex-

tracting opinions, opinion holders, and topics from online news media.

The development of benchmark datasets and shared tasks, such as the SemEval Aspect-Based
Sentiment Analysis tasks initiated by [27]], significantly contributed to the field by providing stan-
dardised datasets and evaluation metrics. The late 2010s and early 2020s witnessed the integration
of [@ and Transformer models, with studies like [28|] and [29] leveraging for improved

aspect-based sentiment analysis.

Problem Statement

involves two main sub-tasks:

1. Aspect Extraction: Identifying the specific aspects or features mentioned in a given text.

2. Aspect Polarity Classification: Determining the sentiment polarity (positive, negative,

neutral) expressed towards each identified aspect.

3.4 Subjectivity Detection

Subjectivity detection focuses on identifying whether a piece of text is subjective (expressing
opinions, feelings, or beliefs) or objective (stating facts). Early work in the late 1990s by [32]
introduced a gold-standard dataset for subjectivity classification, laying the groundwork for future

research.

Subsequent research in the early 2000s helped develop the field. [90] researched the effects of ad-
jective orientation on sentence subjectivity, whereas [91]] researched learning subjective language.
The development of benchmark datasets and shared tasks, such as those introduced by [33|(34]] fur-
ther contributed to the field, especially [34], which is used as a standard benchmark for subjectivity

detection.

Problem Statement

Subjectivity detection involves identifying whether a piece of text is subjective or objective. Sub-
jective expressions are phrases that express emotions, feelings, opinions, stances, and specula-
tions [33]]. Objective expressions are simply expressions that are not subjective. Usually official

language describing facts is rather objective than subjective.
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Subjectivity detection and opinion extraction are quite similar problems. A core difference in this
work, as mentioned in Section [3.2] is that subjectivity detection is assumed to be sentence-based,

whereas opinion extraction is word-based.

3.5 Sentiment Intensity Ranking

Sentiment intensity ranking aims to determine the degree or intensity of sentiment expressed in
text. Early approaches by [33] focused on recognizing contextual polarity and distinguishing
between weakly and strongly subjective expressions. The SemEval-2007 Task 14 [92]] introduced
a shared task focused on detecting the presence and intensity of emotions in text. Later works,

such as [3585.(93]], contributed to the development of tools and resources for sentiment analysis.

Problem Statement

Sentiment intensity ranking involves assigning a score or ranking to text based on the intensity of
sentiment expressed. This can be considered as the regression version of sentiment analysis, where
a score is given within the range [—1, 1], where —1 denotes very negative, 0 denotes neutral, and
1 denotes very positive. A positive value, for example 0.5, can be moderately positive, whereas a

negative value, for example —0.5, can be moderately negative.

3.6 Emotions Intensity Ranking

Emotions intensity ranking focuses on determining the intensity of specific emotions expressed
in text. Early works, such as [94], explored corpus-based approaches to finding happiness and
other emotions. The introduction of the NRC Emotion Lexicon by [95] provided a valuable re-
source for emotion detection and intensity ranking. The WASSA-2017 Shared Task on Emotion

Intensity [36] further advanced the field by providing benchmark datasets and evaluation metrics.

Problem Statement

Emotions intensity ranking involves determining the intensity of specific emotions (e.g., joy, sad-

ness, anger, fear) expressed in text. This task includes:

1. Emotion Detection: Identifying the presence of specific emotions in text.
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2. Intensity Scoring: Assigning a numerical score within the range [0, 1] representing the
intensity of each detected emotion. O represents that an emotion is not detected, while 1

represents a very strong presence of the emotion.

In this work, only the intensity scoring problem as a regression problem is investigated, but not

the emotion detection problem as a classification problem.

3.7 Toxicity Detection

Toxicity detection focuses on identifying harmful or abusive language in text. Early work in the
late 1990s introduced initial methods for automatic recognition of toxic and hostile language [37].
Later research in the 2010s by [38]] on detecting hate speech on the web and [96] on detecting
racist tweets expanded the scope of toxicity detection. The development of large-scale datasets
and benchmark tasks, such as [[39}/97]], significantly contributed to the effectiveness of techniques

for toxicity detection.

Problem Statement

Toxicity detection involves identifying and classifying harmful or abusive language in text. Typ-
ically, this is done on a sentence basis as a binary classification problem. According to [97]], this

can be defined by six labels:

* Toxic: Comments classified as toxic are characterized by their harmful, offensive, or dis-
respectful nature. They often include hostile language aimed at belittling or harming indi-
viduals or groups. This type of toxicity can manifest as aggressive language intended to
provoke or distress others, with content that may be vulgar or generally unacceptable in
civil discourse. Toxic comments are not always explicit but can be insidious, perpetuating a

negative and hostile environment.

» Severe Toxic: Severe toxic comments represent an escalated level of toxicity, where the
language used is extremely harmful and significantly more abusive than general toxic com-
ments. These may include explicit threats of violence, harassment, or severe aggression,
often targeting individuals with highly inflammatory language. Such comments are crafted
to cause significant emotional distress or fear and are often part of targeted attacks or sus-

tained harassment campaigns.

* Obscene: Obscene comments contain language or content that is vulgar, profane, or lewd.

This category is marked by the use of swear words, sexually explicit language, or other
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forms of crude content that are offensive due to their graphic nature. Obscene comments
typically violate community guidelines due to their explicitness and are considered inappro-

priate for general audiences, contributing to an unwelcoming environment.

* Threat: Comments labelled as threats include language that implies or directly states inten-
tions of harm or violence towards an individual or group. Such language includes explicit
death threats, threats of physical harm, or any form of intimidation that could incite fear
or distress in the targeted individual. Threatening comments are serious violations that can
lead to legal consequences and are often treated with heightened concern by moderation

teams.

¢ Insult: Insulting comments are aimed at demeaning or belittling individuals through deroga-
tory or mocking language. They often involve personal attacks, name-calling, or negative
statements about the characteristics, abilities, or actions of a person. These comments con-
tribute to a hostile atmosphere and can affect the well-being of the targeted individual by

undermining their self-esteem or reputation.

* Identity Hate: Identity hate comments are those that attack or demean individuals based
on intrinsic aspects of their identity, such as race, religion, gender, sexual orientation, or
ethnicity. These comments utilise slurs, stereotypes, or prejudiced language to promote
discrimination or hatred against specific groups. Identity hate is particularly damaging as it
seeks to marginalise or ostracise individuals based on fundamental aspects of their identity,

fostering a culture of intolerance and bigotry.

3.8 Suicide-Tendency Detection

Suicide-tendency detection focuses on identifying signs of suicidal ideation in textual data. Early
work in the early 2010s by [40] introduced techniques for analysing sentiment in suicide
notes, followed up by a shared task on sentiment analysis of suicide notes [41]], providing initial
insights into detecting suicidal tendencies. Subsequent research by [98] on predicting depression
via social media and [42] on quantifying mental health signals in Twitter expanded the scope of
suicide-tendency detection to social media data. [99|] demonstrates an advanced approach of

assessing risks within suicide-related communication.

Problem Statement

Suicide-tendency detection involves identifying signs of suicidal ideation or behaviour and de-

pression signs in text. This is typically a binary classification problem.
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3.9 Well-being and Stress Assessment

Well-being and stress assessment focuses on identifying signs of well-being or stress in textual
data. Early work by [43]] explored linguistic styles and their relationship to psychological states,

providing foundational insights into well-being and stress detection.

Subsequent research by [[100]] on linguistic markers of psychological change and [98]] on predicting
depression via social media expanded the scope of well-being and stress assessment to social
media data. Enhancing this with [DL]techniques was introduced by [44].

Problem Statement

Well-being and stress assessment involves identifying signs of well-being or stress in text. This is
typically a binary classification task. Stress identification is a problem that can be represented as

a less severe version of suicide-tendency detection, as explained Section (3.8

3.10 Sarcasm Detection

Sarcasm detection focuses on identifying sarcastic expressions in text. Early work in the mid-
2000s, by [45]], on sarcasm recognition for spoken dialogue systems provided initial methods for

detecting sarcasm.

Subsequent research by [[101]] on semi-supervised recognition of sarcastic sentences and [46] on
identifying sarcasm in Twitter expanded the scope of sarcasm detection. The application of
techniques, as demonstrated by [47] and [[102], further enhanced the field.

Problem Statement

Sarcasm detection involves a binary classification of whether a given sentence is sarcastic or not.

3.11 Big-Five Personality Assessment

The twentieth century has witnessed the very extensive development of the Big-Five personality
model in the field of psychometrics [[103]]. The model emerged as a result of factor analysis on hu-
man answers related to personality description. The model identifies five independent dimensions

that explain the majority of variance in descriptions of human behaviour. The five personality
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traits are [Openness to Experience, Conscientiousness, Extraversion, Agreeableness, and Neuroti-|

cism (OCEAN)

Early work in the late 1990s explored linguistic styles and their relationship to personality traits,

providing foundational insights into personality assessment [43]]. Subsequent research by [[104] on
using linguistic cues for personality recognition and [[105]] on classifying author personality from
weblog text expanded the scope of personality assessment using The application of and
techniques, as demonstrated by [48]] and [106]], improved the field further. [49]] is a survey
of many of such advances. [82,/107|] presented challenges for predicting personality traits from
multimodal signals, and enhanced and models as a result.

Problem Statement

Big-Five personality assessment involves identifying the Big Five personality traits from text. This

task typically includes:

1. Trait Detection: Identifying linguistic and contextual signals indicative of each of the Big

Five personality traits.

2. Trait Scoring: Assigning a numerical score representing the level of each personality trait.

In the multiple studies presented in this work, [1,4]] explores the trait detection version, whereas [2]]

uses a variant similar to trait scoring.

3.12 Engagement Measurement

Engagement measurement focuses on predicting the level of engagement (likes, retweets, com-
ments) that a piece of content will receive. Early work in the late 2000s by [108]] on tracing
information flow provided foundational insights into the dynamics of information spread. Fur-
ther research in the 2010s has progressed the field of engagement measurement. [50] worked on
information diffusion across topics and [51] expanded the scope of engagement measurement by
predicting the spread of ideas in microblogging communities. [[109] used classical techniques

for engagement measurement.

Problem Statement

Engagement measurement involves predicting the level of engagement (e. g., likes, shares, com-

ments) that a piece of content will receive. This task typically includes:
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1. Engagement Prediction: Predicting the number of engagements a piece of content will

receive. This can be the number of reply comments, number of likes, or number of shares.

2. Virality Assessment: Assessing the potential of content to go viral based on predicted

engagements. This can be the number of views, or the number of shares.

In this work, the number of retweets (which is the number of shares on the Twitter platform) is

used as the primary engagement measure, which represents both aspects of engagement.






Chapter 4

Datasets

For the affective computing tasks, 13 corresponding datasets are employed in the studies [[1-4].

4.1 Sentiment Analysis

The Twitter140 dataset [93]] is designed to address challenges in sentiment analysis on social
media platforms, focusing on Twitter. The dataset comprises tweets that have been automatically
annotated with sentiment labels using a technique known as distant supervision [[110]. This method
leverages the presence of emoticons in tweets as noisy labels for sentiment, under the assumption

that certain emoticons strongly correlate with specific sentiments.

Distant supervision for labelling allows for the generation of large-scale sentiment datasets without
the need for costly manual annotation [93]]. Tweets containing positive emoticons, such as smiley
faces, are labelled as positive, while those with negative emoticons, such as frowny faces, are
labelled as negative. This automatic annotation process enables the rapid assembly of vast amounts
of data, although it introduces some noise due to the inherent ambiguity and variability in how

individuals use emoticons.

The primary motivation behind creating this dataset is to develop a robust model capable of ac-
curately classifying the sentiment of tweets in real-time, which is a valuable asset for businesses,
politicians, and public figures who wish to gauge public opinion and sentiment trends quickly
and accurately. The use of Twitter data is particularly relevant given the role of the platform as a

primary medium for public discourse and opinion sharing.

The dataset is instrumental for training machine learning models to perform sentiment analysis,
particularly those that require large amounts of labelled data to learn from context and linguistic

nuances effectively. By providing a dataset annotated through distant supervision, the researchers
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offer a resource that balances scale with the practicalities of dataset creation, making it a valuable

tool for both academic research and real-world applications in sentiment analysis.

4.2 Opinion Extraction and Aspect-based Sentiment Analysis

involves the identification of opinions about specific entities and their aspects within a text,
aiming to provide fine-grained sentiment analysis that captures detailed insights beyond over-
all sentiment. The datasets utilised for this task in SemEval-2014 and SemEval-2015 have be-
come benchmarks for evaluating[ABSA|systems, focusing on domains such as laptops (lap14) and
restaurants (res14, res15) [27.,[111]]. The splits from [112] are utilised.

The SemEval-2014 Task 4 dataset includes reviews from the laptop and restaurant domains, an-
notated for aspect terms and their associated polarities. This dataset is designed to facilitate four
subtasks: aspect term extraction, aspect term polarity classification, aspect category detection,
and aspect category polarity classification. Aspect terms, which refer to specific components or
attributes of the entities, are labelled with their sentiment polarity, including positive, negative,
neutral, and conflict sentiments. For example, a sentence like “The battery life is excellent, but
the screen is dim” would involve identifying ’battery life’ and ’screen’ as aspect terms with corre-

sponding positive and negative polarities, respectively [27]].

Similarly, the SemEval-2015 Task 12 extended this work to include an additional domain, hotels,
further solidifying the framework for tasks. This iteration introduced an aspect category
extraction task, where predefined aspect categories, such as FOOD, SERVICE, and PRICE in
restaurant reviews, were used to classify sentiment expressions even if the aspect term was not
explicitly mentioned in the text. For example, “The restaurant was expensive, but the menu was
great” illustrates how aspect categories can be inferred from adjectives without direct aspect term

mention [111]].

The datasets provided for these tasks consist of manually annotated reviews, offering training
and evaluation splits with clear annotations for the sentiment polarity and category of each as-
pect [27,[111]]. The annotation process involves multiple layers, starting from identifying explicit
aspect terms and their sentiment polarities to categorising the broader sentiment implications based
on aspect categories. This comprehensive annotation enables the development of sophisticated
models that can effectively tackle both explicit and implicit sentiment expressions across various

domains, offering significant insights into consumer opinions and preferences.

In the context of opinion extraction, the SemEval datasets have been instrumental in advancing
methods that address the complexity of sentiment analysis by considering both the specific enti-

ties and their attributes discussed within user-generated reviews. These datasets continue to serve
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as a benchmark for developing more robust and accurate systems, providing a crucial foun-

dation for research and development in sentiment analysis [27,/111]].

4.3 Subjectivity Detection

In [34], the dataset plays a crucial role in enhancing sentiment analysis, explicitly focusing on
distinguishing subjective content within texts. This dataset includes two primary components to

facilitate precise sentiment classification by segregating subjective from objective text elements.

The “polarity dataset” utilised in [34] comprises 2,000 movie reviews, split evenly between pos-
itive and negative sentiments, with all reviews written before 2002 to avoid authorial overlap.
Each review was selected to maintain a balanced representation, capped at 20 reviews per author
across 312 contributors. This corpus is part of a well-established database often used in sentiment

analysis research, providing a solid foundation for testing sentiment analysis methodologies.

This dataset was constructed by extracting sentences identified as subjective from review snippets
on Rotten Tomatoes— a site known for its rich, opinion-laden content— and objective sentences
from plot summaries listed on the Internet Movie Database (IMDB), which typically present fac-
tual descriptions without personal sentiment. This approach ensures a clear distinction between
subjective and objective textual data, which is crucial for effectively training models that focus

selectively on sentiment-laden content.

By strategically compiling and utilising this dataset, [|34] not only addresses challenges inherent
in traditional sentiment analysis but also provides a refined toolset for isolating and evaluating
sentiment within texts, offering significant contributions to the field and valuable resources for

ongoing research endeavours.

4.4 Sentiment Intensity Ranking

The sentiment intensity dataset is from SemEval-2017 Task 5 [113]], which provides a platform
for the nuanced analysis of sentiments expressed in the financial domain, specifically targeting
microblogs and news articles. This dataset was developed to address the unique challenges of
sentiment analysis in financial texts, where the sentiment linked to financial entities such as stocks,
commodities, or markets can have predictive implications for financial movements and investor

behaviours.

Each entry in the dataset is annotated not just for the presence of sentiment but also for the specific

intensity of sentiment on a continuous scale from -1 to 1. This scale ranges from negative to



CHAPTER 4. DATASETS 54

positive, allowing for a precise measurement of sentiment that captures subtle nuances beyond
simple positive, neutral, or negative classifications. This detailed approach helps understand the
exact sentiment impact of financial news and social media on market movements and investment

decisions.

The motivation for creating this dataset stems from the need in the financial sector for advanced
tools to monitor and analyse the vast amounts of unstructured text data generated daily. Traditional
sentiment analysis tools, which often work with coarse sentiment categories, are inadequate for the
financial context where the strength and direction of sentiment can influence trading decisions and
market predictions. As financial markets are susceptible to public perceptions and news, accurately
quantifying sentiment from financial texts is crucial for traders, analysts, and automated trading

systems.

The dataset was meticulously compiled from sources that financial professionals and casual in-
vestors frequently access, such as financial news websites and social media platforms where users
discuss stocks or markets. The inclusion of microblogs reflects the growing influence of platforms
like Twitter in the financial world, where user-generated content can significantly sway market
sentiments. This dataset is not only a valuable resource for developing more sophisticated sen-
timent analysis models but also serves as a benchmark for comparing the efficacy of different
sentiment analysis techniques in the context of financial markets. This enhances the predictive

analytics used in financial planning and algorithmic trading.

4.5 Emotions Intensity Ranking

The emotions intensity dataset is from WASSA-2017 Shared Task on Emotion Intensity (Emolnt) [36].
The dataset is a specially curated collection of tweets annotated to assess the intensity of emotions
conveyed in textual content. This dataset differs from traditional emotion detection tasks that typ-
ically categorise emotions in binary terms or as discrete classes. Instead, it provides a nuanced
approach by quantifying the degree of emotional expression from 0 (no emotion) to 1 (highest in-
tensity of emotion), focusing on four primary emotions: anger, fear, sadness, and joy. Each tweet
is labelled with a real-valued intensity score, reflecting the level of the specified emotion, deter-

mined by averaging scores from multiple annotators to ensure the reliability of the annotations.

The development of this dataset is motivated by the need to capture the subtle variations in emo-
tional intensity that are often overlooked in categorical models. Recognising these variations is
crucial for applications requiring fine-grained analysis of emotional states, such as monitoring
mental health from social media texts, or enhancing customer service systems by better under-

standing client sentiments.
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The collection process involved selecting tweets that naturally express emotions across various
topics and contexts, aiming to reflect the genuine emotional expressions of users rather than relying
on artificially generated examples. This method ensures that the dataset is representative of real-

world scenarios, enhancing the applicability of models trained on this data for practical purposes.

By providing a rich source for training computational models to detect and quantify emotional
intensities, this dataset not only supports advancements in emotion analysis technology but also
contributes to a deeper understanding of how emotions are articulated and perceived in online
communication. This is particularly valuable for improving interactive systems and for gaining

insights into the emotional dynamics expressed through social media.

4.6 Toxicity Detection

The dataset for toxicity detection was released as the dataset for the Kaggle challenge “Toxic
Comment Classification Challenge” [97]]. The dataset consists of 159,000 human-annotated com-
ments collected from discussions on Wikipedia. The comments are annotated for six different
binary labels: toxicity, severe toxicity, obscenity, threats, insults, and identity-based hate. The
negative classes are extremely over-represented in comparison to the positive classes. [114] re-
views different publications approaching the dataset after the conclusion of the competition. As
an example, [115] demonstrate an approach on the dataset using various

4.7 Suicide Tendency Detection

The dataset for Suicide and Depression Detection originated from [[116]]. It serves a critical role in
the emerging field of mental health informatics, particularly focusing on the detection of suicidal
ideation and depression through social media content analysis. This dataset is compiled from
various online forums and social media platforms where individuals often express their emotional

states and discuss personal challenges, including mental health issues.

The dataset comprises posts from the Reddit platform, from the subreddits ‘SuicideWatch’, ‘de-
pression’, and ‘teenagers’. The ground truth labels for the two subreddits ‘SuicideWatch’ and
‘depression’ are assumed to be positive for showing depression or suicidal ideations and negative
for the ‘teenagers’ subreddit. [116]] used for the test-set tweets from Twitter; however, in this work,

the posts from Reddit are resplit for the train/dev/test portions.

The primary motivation behind the creation of this dataset is to develop and refine computational
tools that can automatically identify signals of depression and suicidal tendencies in social media

texts. By enabling early detection of such mental health issues, these tools can potentially guide
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interventions and support efforts, thereby contributing to preventive mental health care.

The importance of this dataset extends beyond academic research; it can be a vital resource for
public health officials and mental health professionals, who increasingly rely on digital platforms
for early diagnosis and therapeutic interaction. This dataset can be utilised to address the growing
need for effective monitoring and support mechanisms in mental health services, which are often
overwhelmed and under-resourced. By providing a means to automatically detect early signs of
severe mental health conditions, this dataset supports ongoing efforts to integrate more proactive

and preventive approaches into mental health care systems worldwide.

4.8 Well-being Assessment

The dataset explored in [[117] is specifically tailored to detect stress levels from text data derived
from social media platforms. This dataset comprises a wide array of social media posts, which
are meticulously collected to analyse and understand the manifestation of stress in digital com-
munications. Experts in psychology have manually annotated each post to indicate varying stress

levels, from no stress to severe stress, providing a nuanced view of emotional states.

The labels for this dataset are created through a detailed manual annotation process. Expert an-
notators, trained in psychological assessment, read through each social media post and assign a
stress level based on predetermined criteria, including linguistic indicators of stress, such as lan-
guage intensity, urgency, and stress-related terms. This process ensures that the dataset accurately
reflects the complexities of human emotional expression in written form. The labels are binary la-
bels for stress-positive or stress-negative. Furthermore, the dataset consists of several benchmarks,
originating from Twitter or Reddit, also with different variants, including short texts, e. g., short

tweets and article titles, and long texts like full Reddit articles.

The motivation behind the creation of this dataset is twofold. Firstly, it addresses the growing need
for tools that can effectively identify and quantify stress levels in social media users, allowing for
timely interventions. Secondly, this dataset aims to advance research in mental health informatics
by providing a resource that can be used to train computational models to recognise signs of stress
automatically. These models can then be integrated into applications that monitor social media
platforms, providing users with feedback and support to manage their stress levels or alerting

mental health professionals to situations that may require intervention.

This dataset is particularly valuable in the context of increasing global stress and mental health
issues, where social media often serves as an outlet for individuals to express their feelings and
seek comfort or advice. By enabling the development of automated tools to detect stress, this

dataset contributes to the broader efforts of using technology to support mental health well-being.
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4.9 Sarcasm Detection

The dataset for sarcasm detection in [[118]] has been meticulously curated to address the inher-
ent limitations present in previous datasets, which often suffer from noisy labels and inadequate
instance volumes for robust applications. The dataset uniquely captures the dichotomy be-
tween sarcastic and non-sarcastic texts by integrating news headlines from two distinct sources,
TheOnion and HuffPost. The former, a platform renowned for its satirical take on current events,
provides the sarcastic component. At the same time, the latter offers a corpus of genuine news

headlines to represent non-sarcastic texts.

The compilation process involved meticulous sourcing from TheOnion’s “News in Brief” and
“News in Photos” sections to ensure a rich representation of sarcasm. In contrast, non-sarcastic
headlines were extracted from the news archive of HuffPost, ensuring the dataset mirrored real-
world events accurately. This approach not only enhances the utility of the dataset in training
models but also ensures high linguistic quality by leveraging professional editorial standards that

reduce informal language typical of social media texts.

Statistically, the dataset includes a substantial number of records, facilitating comprehensive model
training and evaluation. This scale advantage, coupled with high-quality, controlled labels, markedly
exceeds the capabilities of manually annotated datasets. The dataset has since become a corner-
stone in sarcasm detection research, supporting numerous studies aimed at refining computational
models to accurately detect sarcasm using both traditional linguistic features and advanced deep

learning techniques.

Moreover, the associated research elaborates on a novel Hybrid architecture tailored to ex-
ploit this dataset optimally. Incorporating sophisticated elements like attention mechanisms, this
model architecture enhances the understanding and interpretation of sarcasm in textual data. Over-
all, the “News Headlines Dataset” not only fulfils a critical need within the community for
high-quality, large-scale data but also catalyses further innovation and exploration in the sarcasm

detection domain.

4.10 Big-Five Personality Assessment

The “First Impressions” dataset was developed as a part of competition [[107}{119] for personality
predictions. The dataset consists of 10,000 short video clips, each 15 seconds long, extracted
from YouTube. These clips feature individuals from diverse backgrounds speaking directly to the
camera in a self-presentation style reminiscent of job interviews or personal introductions. This

setting provides a rich basis for analysing apparent personality traits expressed through verbal and



CHAPTER 4. DATASETS 58

nonverbal communication.

The dataset is annotated based on the Big-Five personality traits, which includes the traits: Ex-
traversion, Agreeableness, Conscientiousness, Neuroticism, and Openness to Experience. The
labels are expressed as five independent values within [0, 1]. These traits are universally recog-
nised for their relevance in predicting a variety of important personal and professional outcomes

and are considered stable across different contexts and over time [120]. To ensure the reliability

and objectivity of the personality assessments, the dataset employed [Amazon Mechanical Turk]|

AMT)| workers to perform pairwise comparisons of the videos. The pairwise sampling was con-
ducted based on the small-world algorithm, and a study for optimising the number of pairs [121].
This method reduces individual rater bias and utilises a Bradley-Terry model [[122] for convert-
ing pairwise comparisons into continuous trait scores, enhancing the precision of the personality

measurements.

A significant aspect of the dataset is extracting textual data from the video content [[119]]. The
spoken content of the videos is transcribed, providing textual data that allows for the applica-
tion of techniques. This text modality is essential for analysing how linguistic cues in self-
presentation correlate with perceived personality traits, offering insights into the intersection of
language use and personality perception. This makes the dataset particularly valuable for de-
veloping and benchmarking algorithms that assess personality from brief video clips, which is
increasingly important in fields like automated interviewing, human-computer interaction, and

social media analysis.

4.11 Engagement Measurement

The “Social Media Interactions on TED Talks” dataset on Kaggl is a comprehensive resource
that provides insights into how TED Talks resonate with audiences on Twitter. Each record in this
dataset corresponds to a unique TED Talk, enriched with metadata such as the title, description,
and relevant tags. This information helps categorise and contextualise the data, linking engage-

ment metrics to the specific themes discussed in each talk.

The primary focus of the dataset is on capturing the engagement metrics of tweets that mention
or share TED Talks. The metrics include retweets, likes, and replies, allowing researchers to
identify patterns of interaction and how individual talks resonate across the Twitter community.
These metrics are crucial for understanding the nature of engagement on social media, enabling
the exploration of which types of talks attract the most attention and how audience behaviour

varies based on the topic. In this work, log;,(number of retweets + 1) is adopted as the target

Thttps://www.kaggle.com/datasets/thedevastator/social-media-interactions-on-tedtalks-dataset
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engagement label since it represents the label distribution effectively.

Another significant aspect is the temporal information provided through the timestamps associated
with each tweet. This temporal data allows researchers to track the propagation of TED Talk tweets
over time, revealing trends like the immediate burst of engagement following a new release versus
the long-tail engagement for older talks. Analysing these patterns can help uncover factors that

lead to viral content and sustained social media activity.

The dataset also provides anonymised user data, such as follower counts and user profiles. Though
limited in detail for privacy reasons, this data gives a glimpse into the demographics and influence
of users who interact with TED Talks. Researchers can assess how user profiles and follower

counts impact the reach and engagement of shared content.
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Chapter 5
Prompting Paradigm

Foundation models constitute a mode of operation based on prompting, typically based on the
Transformer architecture [[16] and[LLMs| In a way, foundation models are special forms of
that are used on the text describing a task and its corresponding given input; then, the model would
generate text describing the answer of the task on the given input. Before foundation models,
and models would be architected in a way that generates specific outputs that are adjusted for
a given problem, whereas foundation models are more generic in this manner due to the common

universal medium of processing information, namely natural language.

In general terms, foundation models employ generative Transformer architectures to process text,
images, or audio; this is due to the fact that Transformer architectures can be conditioned by using
cross-attention on any input, be it text, images, or audio. The focus of this work is mainly on
foundation models processing text; however, it is important to highlight that there are various
research and implementations for foundation models utilising images (e. g., GPT-4 Omni, LLaVA
[123] and LLaVA-1.5 [124]), or audio (e.g., UniAudio [[125]]). [[126] survey a wide variety of
multimodal LM

5.1 Chat Models

Chat models are foundation models that process text consisting of a list of messages, where a
message consists of a role and text content. Typically, messages display alternating roles emulating
an imaginary conversation or a chat. The list of messages can be converted to a string that can be

completed auto-regressively by the chat model to produce the next message.

Depending on the roles assigned, such conversations can represent an interaction between a user

and an assistant agent. The assistant can request that the user perform actions, and the user can
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then execute these actions and report the results within the conversation. This formulation allows

for agent-based interactions.

A message can be textually represented in various forms, such as including beginning and end
tokens for each role. Consequently, a list of messages can be represented as a text constructed
by concatenating the representations of messages. A chat model can predict a message from
a conversation on a token-by-token basis until a special token denotes the end of the message.
Although a chat model can continue to generate more messages, in practice it is only used to
generate one message at a time; this is then handled externally in an application, e.g., a chat
application, to receive messages externally and then generate the corresponding responses, and so

on. Examples of chat conversations are shown in Figure[5.1]

The roles in messages can be unique for every model, however, there are some typical roles:

» System: A message containing general instructions for the assistant, specifying how the

conversation will flow and specifying constraints about it.

» User: A message given by a user, typically a human user; however, this can also be another
[Al]agent.

» Assistant: The response message of an |All agent. This constitutes the output predicted by

the model for the last user message before it.

* Function Call: A special type of assistant message that contains a text description of an

action to be performed externally.

* Function Result: A special type of message that contains a description of the results of

executing an external action.

5.2 Methods for Prompting Paradigm

The chat models (introduced in Section[5.1)) present the possibility of a new paradigm of predictive
learning, based on the zero-shot abilities of foundation models and chat models. Chat models can
be used as to complete text within a chat context, hence providing an assistant behaviour
that is able to solve problems and finish tasks. This introduces the new paradigm of predictions
via prompting. Instead of training a model that is engineered to predict specific outputs, e. g.,
predicting ‘positive’ or ‘negative’ for a sentiment analysis model, one foundation (chat) model

can be used to make the same prediction but described in natural language.

Foundation models need to be programmed to predict labels for a specific problem, which is done

by a text template given to the foundation model. This is defined as the prompt corresponding to
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<SYSTEM>

You are an assistant that helps the user with maths questions. You have access to a tool called
‘run_python_code’ that can run python code for you, to help you run computations.
</SYSTEM>

<USER>

What is the 50th Fibonacci number?

</USER>

<CALL>run_python_code

a b =20, 1

for _ in range(49): a, b =b, a + b

print(a)

</CALL>

<RESULT>

7778742049

</RESULT>

<ASSISTANT>

7,778,742,049

</ASSISTANT>

(a) Example of a chat conversation using external actions, like running a Python code, to respond to a
question by the user.

<SYSTEM>

You are an expert at sentiment analysis. Your task is to respond to the text given by the user by
predicting its sentiment. Output only one word only, either ‘positive’ or ‘negative’.
</SYSTEM>

<USER>

I received some good news today, I feel very happy.

</USER>

<ASSISTANT>

positive

</ASSISTANT>

(b) Example of a chat conversation that predicts the sentiment of a text.

Figure 5.1: Two examples of how chat conversations can be used to solve different problems,
and how the different types of messages are incorporated within that. A foundation model (as an
would be used to complete the text after the token </USER>>, until it finishes the maximal
context size, or until the token </ASSISTANT> or </CALL> is generated. Additionally, if a
model generates <CALL> message, then the action within is parsed and executed in an external
environment, and the <RESULT> is given, to generate the proceeding < ASSISTANT> response.
This is just a prototype representation for illustration and is not necessarily the exact representation

format used by specific

a given task. The prompt in that case would be equivalent to functions in traditional programming

languages, except that it does not define how the task is solved and it is relatively more fuzzy but
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can do more complex tasks. Furthermore, prompting offers more flexibility to solve new problems
without being necessarily trained for, but its performance is generally unclear. One of the aims
of this work is to investigate these capabilities. A general outline of the prompting paradigm is
depicted in Figure[5.2]

Prompting is the gateway to access the predictive abilities of foundation models, since the prompt
used is the main factor determining the output of a given foundation model. This comes with its
limitations, which are introduced through the following two analogies. Humans utilise various
techniques to approach new problems, especially for challenging problems that are hard to solve
the first time. One of the problem solving techniques is “getting the hands dirty” [[127]], which is
employed to get familiar with a hard problem by attempting to explore its properties and the basic
ideas that might solve it. As a result, some patterns emerge that can solve the problem or at least
open new avenues to reach the solution. The second example is when a person writes an essay,
they typically do not write it entirely in one go from beginning to end. What happens instead is an
iterative writing process, by first writing a draft and then reiterating it by rewriting a better version
or by fixing the errors of the already written draft until the final form of the essay is achieved. Both
of the aforementioned examples elaborate on the process humans use to bridge the gap between
their internal knowledge and reaching a final concrete solution. This is analogous to the prompting
in where an has an internal world-view and can start to write a solution or write an

outline for a solution, then detail the corresponding steps thereafter.

The pipeline in Figure[5.2]can be represented mathematically as follows. The prompting paradigm
can be defined as a higher order function F', given a foundation model M, generation parameters
©, a problem to solve () and a parsing function p, then Faq0,0,, : T — L is a predictor function
that predicts labels from a set £ for inputs from a set 7. The predictor function in this case makes

a prediction on an input ¢ by evaluating:
Fame,qp(t) = p(Me(P(Q, <t>))). (5.1)

Equation (5.1)) mainly performs the pipeline in Figure by executing:

1. Convert an input ¢ to a textual representation <¢>.
2. Substitute <¢> and values based on the problem () into the prompt template P.

3. Generate text auto-regressively with the foundation model M and auto-regressive genera-

tion algorithm with parameters ©.

4. Convert the text answer obtained to one of the predefined labels by way of parsing, using

the parsing function p.
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Figure 5.2: General processing outline of the prompting paradigm.

5.2.1 Prompting

Prompting is the main gateway to unlock the power of as it is the primary input that con-
ditions the output of a particular model. The remaining factors that impact the output of a given
model are the randomisation effects during generation, as discussed in Section [2.5.2] The unfor-
tunate fact about prompting in [LLMs|is the model dependence, since each model has slightly dif-

ferent architecture and weights, leading to different predictions for a given input. However, some

emerging patterns can be used as general guidelines in prompting. [Chain-of-Thoughts (CoT)|is

a common pattern used in prompting, which instructs the to verbalise thoughts before an-
swering a given task, hence giving it a buffer to ‘process’ some thoughts. Follow-up verification
prompts can then be used to refine and enhance initial responses. Additionally, incorporating
subject-matter expertise within prompts or using different incentives are hypothesised to align
model responses with domain-specific knowledge, potentially enhancing performance. Further-
more, the existence of magic sentences, e.g., “take a deep breath”, is assumed to elicit superior

results.

A wide range of prompting techniques are investigated in Chapter|[§] by systematically evaluating
various prompting strategies and the sensitivity due to token sampling during text generation.

Chapter [§] aims to contribute to a deeper understanding of effective prompt engineering.

5.2.2 Utilising GPT Models as Foundation Models

Utilising models as a foundation model is achieved through the API provided by OpenA
There are two main models of ChatGPT, namely GPT-3.5 and GPT-4. The exact specifications of
both models are not published, due to being closed models. However, the general statements about
GPT-3.5 indicate that it is an extension of GPT-3 [18]], which is trained to also generate code [128]],
and is aligned to respond to user instructions similar to InstructGPT [21]]. On the other hand, GPT-
4 is similar to GPT-3.5, with a crucial difference of being massively larger. Additionally, GPT-4
has additional capabilities like multimodal capabilities [129], e. g., using images as an additional
input. There are several versions of the available versions for both models [} The experiments
in [2,4] used ‘gpt-3.5-turbo-0301" for GPT-3.5, and ‘gpt-4-0314° for GPT-4. [3]] used ‘gpt-3.5-

Uhttps://platform.openai.com/docs/guides/gpt/chat-completions-api
Zhttps://platform.openai.com/docs/models


https://platform.openai.com/docs/guides/gpt/chat-completions-api
https://platform.openai.com/docs/models
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turbo-0613’ for GPT-3.5. A prediction, for one example, is made by adjusting the prompt for
the specific problem at hand and its target label. After that, two messages are sent to the model,
the first is the system prompt including the problem description and all the instructions, and the
second is a user message including the text of the input example. The response is an assistant
message, including the prediction of the corresponding input example, which is post-processed to

extract the label.

5.2.3 Parsing

perform predictions by simply generating text containing or describing the answer. Such
text can be a simple “yes” or “no”, or can also be “This sentence expresses positive sentiment
because it is describing news of winning an award.”, “7,921,321,421”, or “As an Al language
model, I cannot give an answer to this question with such little information”. As a result, the
answers of the need to be transformed from the text format into a specific cleaned answer.
This defines the parsing process, where an answer described in natural language is extracted from
a text and mapped to some label. can be prompted to adhere to output format instructions;
however, such instructions are not always strictly followed by the due to the fuzziness of

Furthermore, such instructions can come at the expense of performance at the given task.

No parsing

Problems that have a simple binary response can be prompted to directly output this label ex-
clusively, hence there is no need for additional processing. This includes labels like “yes/no”,
“positive/negative”, “high/low”, or “A/B”. However, there are prompts that can still make such

problems not straightforward to parse; this will be discussed below.

Simple search

A technique for parsing labels is simply searching for the words of the possible labels within the
response. For example, finding if the word ‘positive’ occurs within the text, hence predicting

the ‘positive’ label and similarly for ‘negative’ or any other set of labels.

This has a drawback in case the model responds with text like “This text does not seem to be
very positive, label: negative”, where both words exist within the text and require some contextual
understanding to extract the predicted label. [4] shows that this method results in at least 95 % of

the examples including exactly one of the two binary labels.
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Last line parsing

A technique to parse verbose responses is to prompt the model to write an answer with all its
reasoning as it sees fit, with a constraint to give the final label at the end of the answer in a new

separate line. After that, the content of the last line is parsed according to the other methods.

Setting parsing rules

Although do not strictly follow the output format rules all the time, they still follow such
rules most of the time or deviate just slightly from such formats. Consequently, the outputs in

most cases can be parsed by a simple rule set, namely:

1. Remove whitespace characters at the beginning or end.
2. Transform to lowercase.

3. Remove prefixes like ‘target’, ‘label’, ‘prediction’, and ‘output’, also remove the colons

after these if they exist.
4. Remove the quotation marks.

5. Remove the periods at the end.

These steps are applied in the mentioned order, and only the applicable steps are used.

Parsing rules for multi-label responses

The method above for parsing based on rules works mainly with single labels; however, it needs
more sophistication to handle multi-label predictions. The two use cases for this are word la-
belling, i.e., predicting a label for each word, and predicting a fixed number of multiple single
labels, e. g., predicting the Big-Five personality traits. This can be solved by first prompting the
model to output a list of predictions, represented as a bullet-point list. This is done in markdown
language, where each item of a bullet-point list is represented in a separate line starting with a
bullet-point marker like ‘-’ or “*’. Consequently, this specifies the format for each item in the list

as “{item} is {item-label}”, which results in straightforward parsing.

Using NLP

A technique for processing verbose responses uses traditional methods instead of parsing, by
using Word2Vec, or (e.g., RoBERTa) to process the output of The intuition
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behind this is that[LLMs| will give responses containing the label within the text description, and
hence, it can be processed by [NLP|methods. This technique can benefit from verbose responses, as
the explanations given by for their answers can assist in reaching a well-informed decision
by the post-processing[NLPmodel. Two examples are: “This text has a positive sentiment because
the person is speaking about receiving good news and explicitly stating happy emotions.”, which
would receive a very high positive sentiment. The second example, “The text suggests the pres-
ence of positive sentiment since the person mentioned finding another job interview opportunity.
However, this is just an estimate since the person did not explicitly express positive emotions.”,

would receive a slightly positive sentiment.

5.2.4 Ranking and Regression Modelling

Engaging ChatGPT models for classification tasks requires directing them to select an appropriate
label from a set predetermined for such tasks. The challenge intensifies when transitioning to
regression tasks, where eliciting an exact numerical value from ChatGPT models becomes intricate
due to the variability in scales and the subjective criteria used in dataset annotation. Consequently,
the strategy for evaluating ChatGPT in regression or ranking problems involves transforming these
issues into a series of pairwise ranking classification challenges by posing a binary classification

question is yq > yp 2.

Moreover, this modelling strategy applies not only to evaluations but can also be extended to
predictions. A predictive approach can start with a range of values [a, b], then iteratively refine
the range of possible outcomes by making comparisons to an example with a score close to the
median value of the remaining range, mirroring the binary search algorithm, hence reducing the

size of the range by a factor of 2. This refinement continues until the range is sufficiently narrow.

5.2.5 Fusion

The concept of fusion or ensembling has a long history in [52]. The main motivation behind
ensembling is to diversify the use of models to reach better and more stable results; in other words,
merge a set of uncorrelated or weakly correlated models. This motivates employing a fusion of
traditional models like with foundation models.

The methods behind the prompting paradigm described earlier utilise a prompt template and a
foundation model to reach a response. The response is a textual representation of a classification
of the input text; such responses need some parsing or post-processing to overcome the lack of
precision of to give a response that contains only the predicted label. Furthermore, various

LMs| are not publicly available, and are only available for use through an API, e.g., OpenAl
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ChatGPTE] models and Anthropic Claudelz_r] models. This makes acquiring intermediate outputs not
feasible, typically used in fusion. Therefore, the only signal that can be used for fusion is the actual
response containing the binary label. As a result, the only applicable fusion method is majority
voting; however, this has the disadvantage of forcing individual models to binarise their responses,

even when the predictions are close to an unconfident 50 % prediction.

Another strategy is introduced in [4]], described in Chapter[9] to incorporate the fusion of different
models, including the foundation models. Unlike the other setups, the strategy relies on prompting
the model to produce verbose responses. The reasoning behind this is that the foundation model
will explicitly mention the predicted label in one of a few formats, and then describe the reasoning
behind the answer. The reasoning can hence be used to provide an extra signal estimating a score
for the predicted label. This extra signal introduces a range of possibilities for use, thus creating

an opportunity for fusion.

3https://platform.openai.com/docs/api-reference/chat
*https://www.anthropic.com/api
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Chapter 6

Emergence of Affective Computing

Capabilities

The emergent capabilities of appeared with the launch of GPT-3 [18]], where that
complete text auto-regressively have been shown to perform a primitive form of problem-solving.
This was shown by consistently demonstrating that if the text given to the contains examples
of instances of the problem with its solution, it figures out the problem and solves it in a text format
similar to the given examples. Later on, with instruction-based fine-tuning [21]] and the launch of
ChatGPT with its underlying two models (GPT-3.5 and GPT-4), these emergent abilities appeared

to be revolutionary.

As a result, [1] aimed to investigate these abilities within affective computing, hence answering

the research question:

RQ-1: Do foundation models encompass emergent abilities for solving affective computing

problems?

6.1 Approach

The study in [1]] examines the emergent abilities of ChatGPT as a foundation model to analyse
affect from text. For this purpose, ChatGPT is queried manually using the prompts described be-
low. The prompts in [|1] demonstrate a primitive attempt at prompt formulation, which is improved
upon in the later studies [2-4]. The experiments are conducted on three affective computing tasks
to provide more general conclusions, namely, sentiment analysis, suicide tendency detection, and

personality assessment.

73
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Text > f:::\?l:::n » ChatGPT > E:Ls; > label
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Figure 6.1: Pipelines of the ChatGPT (top), RoOBERTa| baseline (second), Word2Vec baseline
(third), andbaseline (bottom) approaches. Figure taken from [1].

6.1.1 Prompting and utilising ChatGPT

The early prompt formulations in [|1] follow a trial and error process, given that the study in [/1]]
was conducted at a very early stage of chat models without too much prior work in prompting.

The following remarks are encapsulated in the prompting in [/1]):

1. Asking questions directly often led ChatGPT to refuse answering the question, because it
lacked sufficient information to properly judge the given input. This results in less helpful
behaviour by the model. On the other hand, traditional methods give predictions even
in cases of uncertainty. To reach this, one can prompt ChatGPT to guess the answer instead
of asking what the answer is. Additionally, a note can be included to indicate that it is
acceptable for the model to be not totally accurate, thereby reducing the incentive to answer

only when certain.

2. Asking what the guess is and not Can you guess. A correct, yet useless, answer for the
second formulation can be “Yes, I can.” or “No, I cannot answer this.”. The second answer
appeared frequently with ChatGPT in earlier iterations of the experiments in [[1]]. Conse-

quently, the question needs to be specific and assertive.

3. Prompting should include instructions about the output format, since and ChatGPT
specifically can give overly innovative answer formats, which can complicate the parsing

process.

The experiments in [1] were conducted before the release of the API of ChatGPT. There was no
access to change the system message, which is responsible for instructing the model how to re-
spond as discussed in Section[5.1] Consequently, the prompts were given as the first user message

directly with the input. In the later experiments [[2,3]], the prompts were given as system messages.

The prompts in the early experiments [1]] are given by:
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* For the sentiment analysis:

“What is your guess for the sentiment of the text “{text}”, answer positive, neutral, or

negative? it does not have to be correct. Do not show any warning after.”
* For the suicide-tendency detection:

“What is your guess if a person is saying “{text}” has a suicide tendency or not, answer

yes or no? it does not have to be correct. Do not show any warning after.”
* For the Big-Five personality traits assessments:

“What is your guess for the Big-Five personality traits of someone who said “{text}”,
answer low or high with bullet points for the five traits? It does not have to be fully

correct. You do not need to explain the traits. Do not show any warning after.”

Finally, the responses for the sentiment analysis and suicide-tendency detection were pretty straight-
forward to parse. However, parsing of the personality assessment results was more challenging,
because the responses had various ways of formulating the predictions, despite being prompted
against it. Parsing of the responses used regular expressions to capture the different formats, of
“High Extraversion”, “High in Extraversion”, “Extraversion: High” and so on. These were pre-
dicted for the five labels of the Big-Five personality traits, then either predicted as bullet points
with several formats, or comma-separated values. All of these formats were captured by the regu-

lar expressions, to extract the five labels from the response.

6.1.2 Datasets
The datasets employed in the experiments are:

* The dataset employed for sentiment analysis is the Twitter140 dataset, explained in Sec-
tion .1} Given that the training data contained only ‘positive’ and ‘negative’ labels, the
models in [[1] are trained to predict those two binary labels only, and not a ‘neutral’ label.

Similarly, the ChatGPT model is prompted to output the binary labels only.

» For suicide detection, the depression and suicide dataset is used, as described in Section
The dataset consists of Reddit posts, and corresponding binary labels if the post has indica-

tors of belonging to subreddits about depression or suicide tendencies or not.

* For personality assessment, the First Impressions dataset is leveraged with its original split.
The First Impressions dataset is described in detail in Section .10} The labels are five la-

bels corresponding to the Big-Five personality traits, namely: openness, conscientiousness,
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extraversion, agreeableness, and neuroticism. Each one of these labels is represented by a
real value within [0, 1], centred close to 0.5, these values are turned into binary values ‘high’

and ‘low’ using the threshold 0.5.

6.1.3 Baselines

As baselines, three models are employed, corresponding to three generations of tech-
niques. The three feature sets used are RoBERTal-base, BoW] and Word2Vec. All three are used
as feature extractors, then an or is trained on top of that with hyperparameter tuning
using the SMAC toolkit as described in Section and [[79].

* [RoBERT#| features are used with MLPs| with N € [0, 3] hidden layers, and U € [64, 512]

log-sampled number of neurons in first layer. Adam optimisation algorithm is used [[130],
with a log-sampled learning rate o € [107%, 10]. The activation function used at each layer
is ReLU, except the final layer is sigmoid. Different loss functions are used: [NLL]for binary
classification, and for regression.

+ Word2Vec uses with one hyperparameter, namely log-sampled C' € [107%,10%], and
kernel.

. utilises an efficient implementation for linear based on gradient descent [58]]
because the number of features is much higher than Word2Vec. As a hyperparameter, a
log-sampled learning rate 7 € [1075,102] is used. The features are scaled to be within the

range [—1, 1].

6.2 Results

The evaluation metrics include and[UARI[82], with the latter particularly useful for highlight-
ing class performance disparities, especially in imbalanced datasets. A randomised permutation

test was employed for statistical significance assessment.

The results of the emerging abilities of ChatGPT are presented in Table [6.1] The model based
on RoBERTa features outperformed the other models in personality and suicide tendency detec-
tion, showing statistically significant accuracy improvements over ChatGPT. However, ChatGPT
excels in sentiment analysis, marginally surpassing ROBERTa. The performance of ChatGPT on
personality traits lags behind all baselines, with notably poorer outcomes compared to ROBERTa
and Word2Vec.
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[acc]%] [UAR]%]

ChatGPT || [RoBERTa|| Word2Vec | [BoW/| || ChatGPT || [RoBERTa|| Word2Vec | [BoW|
Sentiment Analysis || 85.5 85.0 79.4* 82.5 85.5 85.0 79.4* 82.4
Suicide Detection || 92.7 97.4* 92.1 92.7 || 91.2 97.4* 91.2 90.9
Openess 46.6 66.0°* 65.2% 59.7° || 50.1 50.9 50.7 55.6
Conscientiousness 57.4 63.7* 62.7 55.6 57.7 60.8 60.0 56.3
Extraversion 55.2 66.0** 59.9 55.2 || 54.0 62.3* 55.5 53.7
Agreeableness 44.8 674" 67.2%* 58.5** || 48.4 51.9 51.0 55.7*
Neuroticism 47.2 62.1** 56.8** 56.0%* || 49.1 61.2** 54.6 55.8*

Table 6.1: and scores (in %) of ChatGPT against the baselines on the three affec-

k kk

tive computing problems. *,** indicate statistically significant difference compared to ChatGPT,
with p-values < 5%, and < 1 %, respectively. Two-tailed permutation tests are used to measure
statistical significance [[131] The best methods for each combination of performance metric and
prediction target are marked in bold.

In sentiment analysis, the superiority of ChatGPT is evident, slightly outperforming RoBERTa and
and showing significant advantages over Word2Vec. The inferior performance of Word2Vec
and in this context is attributed to their lack of subword encoding, which is crucial for
handling the noisy language typical of Twitter data, where subword representations can mitigate

errors in word identification and embedding assignment.

The suicide detection results contrast with the personality assessment task, being less complex
and with more data available. This task is akin to extreme negative sentiment classification, an
area where ChatGPT has shown competence. However, given the cleaner text of the suicide detec-

tion dataset, Word2Vec and performances are competitive with ChatGPT, while RoBERT=

remained significantly superior.

The experiments demonstrate the decent emergent capabilities of ChatGPT across various tasks,
particularly in areas akin to sentiment analysis. Although it performs comparably to simple spe-
cialised models, it falls short of the best specialised models, like a model trained on
features. The performance of ChatGPT is not significantly different from the basic model,
underscoring its role as a generalist model capable of addressing diverse tasks without specific
training. To enhance performance on particular tasks, dedicated training remains essential. This
gap is continuously shrinking with the improvements and growth of foundation models. Bench-
marking this performance will be of crucial importance in the future, to determine how far foun-

dation models are from replacing specialised models.

6.3 Conclusion

This study [[1] explored the emergent capabilities of ChatGPT in affective computing, specifi-

cally focusing on sentiment analysis, suicide tendency detection, and personality assessment. The
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method involved manually querying ChatGPT with tailored prompts and comparing its perfor-
mance against traditional models such as Word2Vec, and RoBERTa-base.

The key findings include:

 Specialised models (like training a model on RoBERTa-base features) are essential to obtain

the most optimal performance.
» ChatGPT excelled in sentiment analysis, marginally outperforming RoBERTa.

* The performance of ChatGPT on suicide tendency detection was competitive with tradi-
tional models, namely and Word2 Vec.

* ChatGPT lagged significantly in personality assessment compared to both RoBERTa| and
Word2 Vec.

Early prompt formulations, developed through a trial-and-error process, were essential for guid-
ing the responses of ChatGPT. Despite challenges in parsing and variability in response formats,
the study highlighted the emergent abilities and the potential of foundation models to handle di-
verse affective tasks, suggesting that ongoing advancements could further narrow the gap with

specialised models.



Chapter 7

Wide Evaluation of Emergent GPT

capabilities

The early study [|1] has shown the emergent abilities of ChatGPT and the underlying GPT models.
However, [1]] has some limitations, which are investigated by [2]]. [2] aims to study the research

question:

RQ-2: What are the properties of the affective computing problems, where foundation models
excel or fall behind?

The study design of [2] is an extension of the design in [1]. A core general difference is the
systematisation of the method, the enhancement of several components of it, and the application to
many more affective computing problems. The main differences are encompassed by the following

points:

1. Extending the evaluation of the GPT models to the following affective computing prob-
lems: sentiment analysis [93]], opinion extraction, aspect extraction, aspect polarity classifi-
cation [27111}132]], subjectivity detection [34], sentiment intensity ranking [|113|], emotions
intensity ranking [36]], toxicity detection [97]], suicide tendency detection [[116], well-being
assessment [[117]], sarcasm detection [|118}|133]], personality assessment [[107]], and engage-

ment measurement [51]].

2. Employing the foundation model, namely GPT-4 in the evaluation, which did not

exist while conducting the earlier study [1]].

3. Using the API of the underlying models of ChatGPT, namely GPT-3.5 and GPT-4, hence

allowing two major advantages:

79
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Figure 7.1: Pipelines for [2]] showing the models (top),[RoBERTa[baseline (second), and the

End-to-end (E2E)|baseline (bottom) approaches.

* Scalability: Unlike [1] where ChatGPT predictions are manually performed, use of the

API allows for further automated expansion.

* Reproducibility: The versioning behind the models served on https://chatgpt.com/ is
not very clear, and not reproducible once a version is replaced, which is a weakness
in [1]]. With versioning of models through the API, access to an exact versioned
model became possible, which facilitates reproducing the outcomes of the model.
In [2], ‘gpt-3.5-turbo-0301" and ‘gpt-4-0314’ are used for GPT-3.5 and GPT-4, re-

spectively.

4. Systemisation of prompting is achieved by making all prompts follow a clear structure, as
described in Section [7.1.1] and further investigated in [3]] and explained in Chapter [§] All
the prompts follow the structure similar to the ‘Expert Detailed” prompt (as in Table [8.)).
The structure begins by outlining relevant expertise, then describes the problem with its
specific output labels, and then concludes by specifying extra bullet points to enforce some

instructions for the formatting. Section includes the exact prompts used in [2].

5. Inclusion of different modelling of regression-based problems, namely as a pair-wise rank-
ing problem, allows for evaluating many of the aforementioned problems with continuous
labels.

7.1 Approach

The approach of the experiments in [2] is similar to [|1]], where the pipelines are highlighted in Fig-
ure[Z.1]

7.1.1 Prompting

The structure of the prompting in [2]] is systematically organised as follows:


https://chatgpt.com/

CHAPTER 7. WIDE EVALUATION OF EMERGENT GPT CAPABILITIES 81

1. Establish the role of the assistant as an expert in the relevant area and include a detailed

description of the problem.

2. Outline the task of making predictions, specifically by identifying the type of labels required
and noting that the user will provide input to which the assistant is expected to respond by

assigning a label to the given example by the user.

3. Highlight the required format for responses in bullet points. By reaffirming the labels to be
predicted, and including examples of prohibited formats. These points are given at the end

of each prompt. The points are encapsulated within the suffix prompt:

Use the following format:

* You are only allowed to answer “{label s} or “{labelp}”.

* Don’t write an explanation of the answer.

* Don’t write things like “My guess is...”, or “I think ...”. Just write {label o } or {labelp},

but nothing else.

This outline enables a more structured prompting that can be used to solve a wide range of affective
computing problems. This structure results in the following list of prompts for all the affective

computing problems, while appending the aforementioned formatting instructions at the end:

* Sentiment analysis prompt

You are an expert at sentiment analysis. Given a text by the user, analyze the sentiment
of the text if it is ‘positive’ or ‘negative’. You are not allowed to answer ‘neutral’, try to

narrow it down to ‘positive’ and ‘negative’.
* Subjectivity detection prompt

You are an expert at language and sentiment analysis. The user will give you a text,
your task is to make a binary classification on the text, if the given text is opinionated /
subjective / biased, or if it is non-opinionated / objective / descriptive / factual. Please
note that this is about “how” the text is described and not “what” it describes, so the text

can still “objectively” describe a fictional story with some emotional terms.
* Sentiment intensity ranking prompt

You are an expert at sentiment analysis. Given a pair of texts A and B from the user, you

will output which text expresses more positive sentiment.

* Emotion intensity ranking prompt
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You are an expert at emotion analysis. Given a pair of texts A and B from the user, you

will output which text expresses higher intensity of the {emotion} emotion.
* Toxicity detection prompt

You are an expert at toxicity analysis. Assume that we have the capability of analysing
6 toxicity traits. “toxic”, “severe toxic”, “obscene”, “threat”, “insult”, “identity hate”.
Your task is to make binary classification for the trait {trait}, and not the remaining traits.

Given a text by the user, estimate if the given text displays the trait {trait} or not.
* Suicide-tendency detection prompt

You are an expert at psyche analysis. Given a text by the user, solve the binary classifica-

tion of analysing if the text expresses a tendency for suicide.
* Well-being assessment prompt

You are an expert at psyche analysis. Given a text by the user, estimate if the given text

talks about a stress-related topic, or expresses emotional stress be it implicit or explicit.
* Sarcasm detection prompt

You are an expert at sarcasm analysis. Given a text by the user, estimate if the given text

is sarcastic or not.
* Personality assessment prompt

You are an expert at the Big-Five personality traits assessment. Given a pair of texts A and
B from the user, you will output which text expresses higher intensity of the {trait} trait,

from the Big-Five OCEAN personality traits.
* Engagement measurement prompt

You are an expert at social media analysis. Given a pair of texts A and B representing
tweets, estimate which text is more engaging. You will achieve this by estimating which

text is more viral, by estimating which one has a higher number of retweets.

Furthermore, the prompts for the aspect-based problems are different, mainly because they attempt
to classify each word in a sentence instead of classifying the entire sentence. As a result, the

prompts are adjusted to make predictions on a word level.

* Opinion extraction prompt
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You are an aspect-based sentiment analysis expert, you will be given a sentence by the
user that contains aspect words objects. Your task is to list all the sentiment opinionated
words / expressions, that are corresponding to the aspect in the text (if any). You just need
to list the words/expression in bullet points without classifying them. There will be many
words without sentiment, these should not be listed. Use the following format:

* You will output a list of words in bullet points.

* Each bullet point will be on the form (without quotations): “* expression”

* You should mention words that are explicitly in the text.

* You will not mention implied sentiment.

* You should mention the words exactly how they are written in the input, even if they have
typos.

* You will not mention any other text like “My guess is ...” or “I think ...”.

* If all words have no sentiment, then you respond with the word “BACKGROUND”
without any bullet points.

* Aspect extraction with polarity classification prompt

You are an aspect-based sentiment analysis expert, you will be given a sentence by the
user and you will list all the aspect words target objects. List the words in bullet points.
The aspect targets are objects that are classified by a corresponding one of four sentiment
targets: positive, negative, neutral, and conflict. It is possible that a word has no target,
which is defined as a background target. Use the following format:

* You will output a list of words in bullet points.

* Each bullet point will be on the form: “word” is target.

* The target is one of the four targets, do not report background targets.

* You will not mention any other text like “My guess is ...” or “I think ...”.

* If all words have background target, then you return the word “BACKGROUND” with-

out any bullet points.

7.1.2 Pairwise Rankings and Regression

As highlighted in Section [5.2.4] evaluating foundation models on regression problems can be
challenging, and thus this can be circumvented by transforming the problem into pairwise rankings

as binary classifications [2].

The method transforms a dataset of N examples of single regression labels into classification labels
by generating M pairs (a, b), then solving the binary classification query ‘is y, > y3?". [134]

introduces a similar approach as well. A pivotal aspect of this approach is the strategic sampling of
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Problem Train Dev Test
Sentiment Analysis 100,000 | 10,000 | 2,500
E resl4 2,436 608 800
= lapl4 2,439 609 800
= resl5 1,052 263 685
Subjectivity 6,000 2,000 | 2,000
Sentiment Ranking 1,000 300 365
o Sadness 786 74 673
3 Joy 823 79 | 714
5 fear 1,147 110 995
Anger 857 84 760
Toxicity 30,000 | 6,864 959
Suicide 23,398 | 5,611 | 2,345
s | Reddit bodies 1,511 458 935
< Reddit titles 3,538 996 998
g Twitter denoised 851 400 800
Twitter full 5,900 1,500 | 1,500
Sarcasm 18,709 4,000 | 4,000
Personality 5,992 2,000 | 1,996
Engagement 30,037 5,000 | 4,000

Table 7.1: Statistics on the sizes of the datasets based on the selection in [2] after downsampling
(and possibly splitting) some of the datasets. [ABSA|includes aspect extraction, opinion extraction
and aspect polarity classification subtasks.

the M pairs, with the goal of selecting a minimal yet representative subset. To this end, the small-
world graph generation algorithm is utilised [121]], which facilitates the creation of a graph that
is densely interconnected without necessitating an excessively large number of connections. [[121]]
explore the different sufficient number of pairs M for different N. In this work, M = 4N pairs

are sampled.

7.1.3 Datasets

The datasets used for this experiment are explained in detail in Chapter[d] The datasets are down-
sampled to be able to endure the costs of the GPT-4 model, and to support the large number of
models trained during The statistics of the datasets after downsampling are in Table

7.1.4 Baselines

In addition to the aforementioned differences in the method behind applying the models,
there are differences in the baselines as well. Figure demonstrates the pipelines for evaluat-
ing the different methods, including the two baselines. Both baselines extract embeddings, either
features or trained embeddings, then an architecture is trained from these embed-
dings.

The architecture for the two baselines is an architecture, consisting of a single bidirec-
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tional layer of L hidden units (per direction), followed by N dense layers with U hidden
units and ReL.U activations, and a final dense layer for predictions. L is an integer log-sampled

from the range [16, 64], N is sampled from {0, 1}, and U is an integer log-sampled from [64, 512].

For the aspect-based problems, the architecture outputs a label for each token. For the
alignment of subword encodings in all subword tokens get the same ground truth label
like the corresponding word during training, whereas during evaluation the prediction of the first
subword is considered as the prediction of the whole word similar to [17]. For the remaining
problems, the last output of each direction from the BiLSTM is extracted to have a static features

vector for the entire sequence, which is mapped onto the static number of output labels.

The activation for the final layer is:

» Sigmoid function for binary classifications, trained with a as the loss function.

* Sigmoid for regression-based problems within the range [0, 1], and Tanh for regression-
based problems with the range [—1,1]. [MAE]is utilised as a loss function. The Sigmoid
is used for personality assessment and emotion intensity ranking, whereas Tanh is mainly

used for the sentiment intensity ranking.

* ReLU for regression predictions of non-negative numbers, while utilising as a loss
function. This is mainly used for engagement measurement, where the target label is log(1+

number of retweets).

* Softmax for multi-label classification, trained with a[CCE]as a loss function. This is mainly

for the three aspect-based problems.

The aforementioned architecture is trained using Adam optimisation algorithm [130|], with learn-
ing rate « that is log-sampled from [10~%, 10]. Finally, for classification problems with extremely
over-represented negative class (namely toxicity detection and aspect extraction), an extra hyper-
parameter A is used as a weight of the negative class in the loss function. ) is log-sampled from

the range [1073, 1], to discount for the over-represented negative class.

The hyperparameters are optimised using [79], as explained in Section by sampling
25 combinations per problem. Each model is trained for a maximum of 300 epochs, with early
stopping if the model does not improve for 30 epochs on the validation set. The weights with the

best validation scores are then adopted.
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Dataset |acC|(%] |UAR|[%]
[E2E[  [|RoBERTa[| GPT-3.5 | GPT-4 [/ [E2E[ [|RoBERTa|| GPT-3.5 | GPT-4
Sentiment Analysis 78.87 88.74 80.54 84.09** || 78.84 88.75 79.93 83.69**
. res14 81.61" | 9326 | 91.04 | 80.93" | 80.87 | 80.06 77.28 | 83.02°
Opinion lapl4 74.33* | 73.81** | 89.43 | 76.90** || 66.43* | 76.73 7351 | 77.42
Extraction resls 79.42** | 89.16 89.32 | 78.10™ | 68.59 | 77.31 76.90 | 77.19
resl4 81.73 | 92.00* | 86.95 | 71.50" || 81.18"* | 91.54™ | 76.18 | 73.23"
Aspect lapl4 78.22** | 87.19" | 84.60 | 70.32** || 82.21** | 90.64** | 77.62 | 75.94
Extraction res1s 81.28** | 73.02* | 84.57 | 70.05" || 72.28** | 8513" | 7856 | 73.81**
Aspect res14 86.10° | 71.85* | 85.13 | 69.30™ || 49.72 | 58.09" 49.96 | 48.26
Polarity lapl4 7257 | 90.22** | 82.23 | 67.63* || 45.10 | 58.23"* | 47.37 | 44.54*
res15 79.08* | 84.31** | 82.38 | 67.51™ | 36.84** | 48.96 4779 | 44.27
Subjectivity 87.28" | 9556 | 59.56 | 88.38" || 87.19"* | 95.51 | 58.59 | 88.19*
Sentiment Ranking 70.88 | 72.37 69.30 | 7321 | 70.83 | 72.41* 63.69 | 73.08"
Joy 66.49" | 75.41 7407 | 78.46™ || 66.517 | 75.40 7429 | 78.63"
Emotion Fear 68.65"* | 76.83** | 72.76 | 73.96 | 68.65** | 76.83** | 72.86 | 74.09
Ranking Anger 67.63** | 73.47 72.12 | 75.58" || 67.60** | 73.46 72.00 | 75.49"
Sadness 72.41%* | 76.06 78.19 | 78.55 || 72.40** | 76.05 78.22 | 78.58
Toxic 81.85"* | 85.23 87.37 | 89.29 || 82.75* | 86.01 87.19 | 89.65"
Severe toxic 87.65* | 80.07** 66.55 75.52** || 82.48 84.78* 80.65 85.29**
Toxicity Obscene 85.40 | 84.83 83.45 | 88.16" || 86.62* | 86.60* 83.48 | 86.78**
Threat 94.05** | 9554 | 70.59 | 91.99* || 73.99 | 87.43* 80.12 | 91.51*
Tnsult 84.65* | 87.25"* | 80.14 | 80.70 || 84.64 | 89.28"* | 83.21 | 84.89
Identity hate | 90.52** | 90.98** | 66.82 | 82.66** || 81.61 | 86.16** | 78.61 | 87.88**
Suicide Detection 8475 | 98.43° | 89.46 | 93.46* || 85.32** | 98.46™ | 89.44 | 93.32%
Reddit bodies || 84.50" | 89.88 91.93 | 93.33 || 68.82*" | 86.16 8441 | 78.63"
Well-being | Reddit tides 86.60** | 96.75** | 80.61 | 89.54** || 85.62** | 96.65"* | 80.05 | 89.77**
Twitter denoised || 43.36™* | 93.23** 60.53 72.31* || 45.45** | 93.14** 65.05 73.45%*
Twitter full 80.39** | 8439 | 66.24 | 75.25™ || 80.39** | 84.39™* | 66.26 | 75.25*
Sarcasm 63.14 | 90.66~ | 59.13 | 66.66" || 66.29"* | 90.70 | 56.82 | 69.45"
Openness 58.36** | 60.54™ | 50.11 | 54.75™ || 58.36™ | 60.56™ | 50.60 | 54.59*
Conscient. 56.79 | 61.59** | 5554 | 57.44* || 56.78 | 61.59** | 55.84 | 57.33
Personality Extraversion 56.51** | 59.03** 53.55 55.90** || 56.51** | 59.02** 53.38 55.90**
Agreeable. 57.81** | 58.12°* | 51.67 | 54.04** || 57.80* | 58.14"* | 52.10 | 54.05*
Neuroticism || 58.60** | 59.86** | 48.94 | 49.68 | 58.60** | 59.86** | 49.04 | 49.73
Engagement 71.02° [ 79.18% | 51.92 | 54.15™ || 71.02"* | 79.19" | 51.85 | 53.80"

Table 7.2: and scores for all the problems. The best methods for each combination
of performance metric and prediction target are marked in bold. Two-tailed permutation tests are

used to measure the statistical significance of the results [131], where *,** correspond to scores

with statistically significant differences (with p-values < 5% and < 1 %, respectively) compared
to GPT-3.5.

7.2 Results

The results of the experiments of the wide evaluation of the GPT models are depicted in Table
assessing [ACC| and [UAR] For the aspect-based problems where the labels are time-series predic-
tions micro-averaging is employed. A two-tailed randomised permutation test is utilised to ascer-

tain the statistical significance of performance variations against GPT-3.5 for all outcomes [131].

The LSTM, when trained with RoBERTa features, exhibits superior performance across the ma-
jority of the problems for both metrics, often significantly outperforming GPT-3.5. GPT-4 ranks
second overall, excelling in certain setups. Where GPT-3.5 outperformed RoBERTa, the differ-
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ence is not statistically significant, usually because the ROBERTa-based method favoured UAR
over accuracy. Compared to the E2E baseline, GPT-3.5 showed varied results, being significantly

better or worse in different instances.

Regarding aspect extraction and aspect target polarity predictions, RoOBERTa outperforms others,
particularly in UAR, with GPT-3.5 following. E2E surpasses GPT-3.5 in identifying the aspect but
not its polarity, based on[UAR] Interestingly, GPT-4 performs the worst in this area, often including
additional context words, negatively impacting its performance. For opinion extraction, GPT-4
demonstrates the highest performance, especially measured by [UAR] followed by RoBERTa and
GPT-3.5.

In sentiment-related tasks, RoOBERTa and GPT-4 significantly outperform GPT-3.5 and E2E, with
the latter two showing similar performances in these areas. Emotion intensity ranking shows that
GPT-4 leads significantly, followed by RoBERTa, GPT-3.5, and E2E, with the latter being notably
inferior to GPT-3.5.

GPT-3.5 shows strong capabilities in identifying sadness, highlighting its proficiency in detect-
ing negative emotions. In psychological problems involving extreme negative emotions, such as
suicide tendency, well-being, and toxicity detection, both GPT-3.5 and GPT-4 perform well con-
sistently, often surpassing E2E significantly.

For tasks with more implicit or latent social signals like engagement measurement, personality
assessment, sarcasm, and subjectivity detection, GPT-3.5 performs poorly, significantly lagging
behind E2E and even more so behind ROBERTa. GPT-4 shows slight improvements over GPT-3.5

in these areas, barely outperforming E2E in sarcasm and subjectivity detection.

The GPT models excel in tasks where the signal is explicitly present in the text, such as senti-
ment analysis, sentiment ranking, emotion ranking, and opinion extraction. This is expected, as
training involves predicting subsequent tokens, enabling them to understand affective con-
texts and directly predict words that convey emotional content or similar signals. GPT models are
particularly proficient in problems involving negative emotions, outperforming specialised mod-
els. Besides the inherent understanding of affective contexts, this superior performance can be
attributed to two factors. The first is the alignment of GPT models during training with safety
measurements, which in turn leads to improvement at toxicity detection and other negative emo-
tions. The second reason is the tendency of humans to discuss negative emotions more frequently
than positive ones [135]. Conversely, GPT models exhibit weaker performance in tasks where la-
bels are implicit or subjective, meaning that human annotators might struggle to agree on a given
label. The labels in these tasks influence the style of the language or double meanings in it and
not necessarily affecting very specific words. Tasks with implicit signals, by definition, possess

weaker predictive capabilities, making it harder for a language model to excel in them compared
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to tasks with explicit signals.

The regression evaluation technique introduced in Section[7.1.2]proves effective, especially in per-
sonality assessment, where the performance of GPT-3.5, assessed through a new pairwise ranking
evaluation framework, aligns with prior work [[1,/4]. Furthermore, a different modelling was used
in earlier iterations of the experiments on engagement measurement, to classify the order of magni-
tude of the regression label. The regression pair-wise ranking framework in Section|/.1.2|reached

similar results, reflecting the reliability of the technique.

Parsing issues, previously noted, are largely resolved in this study, thanks to the system prompt
introduced in the API version of the GPT models and the precise prompt formulations. This led to
fewer examples deviating from the specified format, although complexities in parsing compound

predictions remained, particularly for aspect-related problems.

In conclusion, foundation models exhibit significant strengths in tasks with explicit affective sig-
nals, performing exceptionally well, particularly in detecting negative emotions. While only GPT-
4 currently matches or surpasses specialised models in some tasks, future models may replace them
in affective tasks. Nonetheless, specialised models remain preferable for optimal performance and

avoiding issues with output parsing or the high operational costs of foundation models.

7.3 Conclusion

The study [2] extends the evaluation of the GPT models, particularly GPT-3.5 and GPT-4, across
various affective computing tasks including sentiment analysis, emotion intensity ranking, and
toxicity detection. The methodology involved systematised prompting and pair-wise ranking to

handle regression-based problems. Key highlights from the results are:

» Sentiment and emotion intensity tasks saw significant improvements with GPT-4 over spe-
cialised models like using RoBERTa. GPT models did exceptionally well on psychological

tasks, especially toxicity detection, often surpassing specialised models.
* GPT-4 consistently outperformed GPT-3.5, particularly in explicit affective task.

* Challenges persisted in tasks requiring implicit or subjective judgements, where specialised

models still excelled compared to GPT models.

The use of the API for automated and reproducible evaluations was crucial, and the structured
approach to prompting enhanced the effectiveness of the model across various tasks. These find-
ings emphasise the growing capabilities of foundation models while acknowledging the need for

specialised training in complex scenarios.



Chapter 8

Effects of Prompting and Sampling

Sensitivity

LL.Ms| are deterministic models in the sense that, for a given string P, a specific M will
output a deterministic vector of probabilities of the next token following the given input string
P. This is because [LLMs| are based on the Transformer architecture, which does not contain
inference randomised components by default, as explained in Section [2.3.4] The component that
introduces stochastic element in the generation using is the sampling algorithm, many of
such algorithms are explained in Section [2.5.2] The sampling algorithm can be thought of as a
search algorithm that is attempting to find the string .S with maximum probability P(S|P) that
S proceeds after the given input string P, as depicted in Figure In this setup, the probability

is assumed to follow the Markov assumption, given by:

S|
Pum(S|P) = [[Pm(SiIPO S0 © i), (8.1)
=1

where © is the string concatenation operation.

Consequently, the output string S for a given model M is influenced mainly by the input string P
(which is the input prompt used), and the search algorithm that approximates 5. The formulation
of the input prompt P can be abstracted from the underlying problem it is trying to solve, and focus
on how the natural language formulation of the prompt template can be carried out. Meanwhile,
the prompt template can have placeholders related to the problem it is trying to solve. Further-
more, in foundation models a hybrid algorithm of the Nucleus top-p Sampling and Temperature
sampling is typically used for text generation [67]. This introduces two main parameters,

namely the temperature parameter 7" and the top-p parameter [67]]. These algorithms are explained

&9
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in Section2.5.21

A specific configuration of the input prompt P, the parameter 7', and the parameter top-p results
in a space of answers with associated frequencies of occurrence. The accuracy and sensitivity of a

given configuration can be determined by these frequencies of predictions.

As a result, the main research question explored by [3] is:

RQ-3: How sensitive are foundation models to the prompt templates used, given the major

impact of prompts?

The experiments in [3|] are designed to investigate how three key aspects determine the generated

outputs for a given [LLM| namely:

1. The influence of the prompt template on a given input example.
2. Sensitivity to the temperature parameter 7.

3. Sensitivity to the top-p parameter.

8.1 Approach

The approach introduces two main concepts, namely prompting analysis and sensitivity due to
sampling parameters. These are applied on three affective computing tasks, namely sentiment
analysis, toxicity detection, and sarcasm detection. The three affective computing tasks are cho-
sen for the proposed approach. This is due to the fact that they have clearly defined binary labels,
which facilitate the determination of correctness and helpfulness. Consequently, this directly sup-
ports the execution of large-scale Monte Carlo analyses aimed at examining various generation pa-
rameters. Correctness is defined as predicting the affective signal accurately, whereas helpfulness
is defined as how well the model follows the instructions in the prompts producing easy-to-parse
results. [2]] shows varying performance levels on these problems, hence these problems are the

most likely combination to yield very diverse behaviours for investigation.

In all the experiments, a prediction for each example in a dataset is done independently, by sending
an imaginary conversation of two or four messages to the foundation model * gpt—3.5—turb0—0613ﬂ

The predictions utilise fixed seeds for reproducibility.

The conversations have a general outline:

"https://platform.openai.com/docs/models
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1. System message with a prompt, after adjusting a prompt template from Table 8.1 for a given

(affective computing) problem.

2. User message of the input text of the input example.

3. [LLM]response.

4. User message asking to verify the last response.

5. Verified response.

For all prompts except the verification prompts, the first two messages are sent to the model, and
the received response is utilised as the final response. For the verification prompts, a follow-up user
message is sent to enforce verifying the first response, and then the second response received is
considered as the final response. The final response in both cases is parsed to extract the predicted
label, as described in Section

8.1.1 Prompting analysis

Prompt engineering has emerged as a critical discipline with the rise of foundation models, es-
tablishing a new paradigm in predictive modelling through the effective use of prompts. These
techniques have been instrumental in solving a wide array of problems, such as and
affective computing. Key advancements like RLHF have been pivotal in refining the effectiveness

of prompts.

The literature highlights a variety of prompting strategies, including innovative approaches like
[136] and [Tree-of-Thoughts (ToT)|[[137]]. |CoT]| prompting involves breaking down complex

problems into smaller, manageable steps, allowing models to tackle each step sequentially. Beyond

formal techniques, the community has also explored practical prompting strategies shared online.
For instance, prompting an to assume the role of an expert in a specific task is hypothesised

to enhance its performance, as it aligns the responses of the models with domain-specific expertise.

As prompt engineering continues to evolve, it promises to unlock further potential in LLMs, en-
abling more precise and contextually relevant outputs across diverse applications. This ongoing
development emphasises the importance of prompt engineering as a fundamental aspect of leverag-
ing advanced[LMs| As a result, [3] investigates various prompting strategies as shown in Table[8.1]

to test the following concepts:

1. Incorporation of Subject-Matter Expertise: This dimension explores the effect of ex-

plicitly mentioning subject-matter expertise within prompts to ascertain if it augments the
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Short name Prompt Template

Base Given an input string by the user, guess the {label name} binary label for it. Your response should
be only one expression, namely {labels description}.

Expert You are a world-class expert at {problem name}. {base prompt}

Expert Detailed | {expert prompt}

Use the following format:

* You are only allowed to answer {labels comma-separated}.

* Don’t write an explanation of the answer.

* Don’t write things like "My guess is...”, or "I think ...”. Just write {labels comma-separated},
but nothing else.

Ignorant You are a confused person who doesn’t know much about the problem of {problem name}, you
are just barely guessing without too much knowledge. {base prompt}

Gambler You are a professional gambler who earns money when predicting the labels for {problem name}.
{base prompt }

Greedy Gambler | You are a professional gambler who earns money when predicting the labels for {problem name}.
Your goal is to maximize your profit tremendously by predicting the labels accurately, so try to
predict the given problem as best as you can. {base prompt}

Python Expert You are a world-class expert at Python programming, your main objective is trying to help in
Python programming tasks. {base prompt}

CoT {base prompt }

Work on this problem step-by-step.
{CoT Instructions}

CoT-DB {base prompt}

Take a deep breath and work on this problem step-by-step.
{CoT Instructions}

CoT-fired {CoT prompt}

If you don’t get this right, I will be fired and lose my job, so please output only {joined labels}.

CoT-DB-fired {CoT-DB prompt}

If you don’t get this right, I will be fired and lose my job, so please output only {joined labels}.

Expert CoT {expert prompt}

Work on this problem step-by-step.
{CoT Instructions}
Expert CoT-DB | {expert prompt}

Take a deep breath and work on this problem step-by-step.
{CoT Instructions}

CoT Instructions

Here is a plan to help you out:

1. Describe your observations and analysis about the text.

2. Make your prediction about the {label name} label, mentioning your reasoning if this helps.

3. In a final new line at the end of your response, output exactly one word, namely one of the
labels: {labels comma-separated}.

4. Tt is strictly forbidden to output in the last line of your response anything other than: {labels
comma-separated }.

CoT-verify

{CoT full conversation with verbose response }
Extract the label from your reasoning, and output only one of the labels: {joined labels}

CoT-DB-verify

{CoT-DB full conversation with verbose response }
{verbose response}
Extract the label from your reasoning, and output only one of the labels: {joined labels}

Table 8.1: The set of prompt templates described in Section Some prompts are used in
the placeholders of other prompts to extend them, whereas ‘CoT Instructions’ is not an individual
prompt but is incorporated into all prompts. The placeholder {problem name} has one of the
values ‘Sentiment Analysis’, “Toxicity Detection” or ‘Sarcasm Detection’, and correspondingly
{label name} can be ‘sentiment’, ‘toxicity’, or ‘sarcasm’. {labels comma-separated} and {labels
description} correspond to the binary labels of the problem as non-verbose and verbose versions,

respectively.
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performance of an underlying model by aligning it with domain-specific knowledge. This
is tested by the prompts: Expert, Expert Detailed, Expert[CoT], and Expert CoT-DB.

2. Reference to Irrelevant Expertise: Contrarily, this aspect investigates the outcomes of
referencing expertise that bears no relevance to the problem at hand, examining the potential
distraction or misguidance this may cause. The Python prompt tests this by playing the role
of an expert but with irrelevant expertise to affective computing. This hypothesises that
giving a role of a helpful assistant with irrelevant expertise using the same [LLM]should still

be helpful, since the internal knowledge and the intention to be helpful are the same.

3. Motivational Incentives: Diverging from altruistic or information-sharing incentives, this
condition examines the impact of financial motivations on the model, probing the efficacy
of varying motivational contexts. The Gambler prompts assess if using financial incentives

instead of helpfulness incentives can lead the model to perform well.

4. Construction of Maladaptive Prompts: This scenario assesses the implications of delib-
erately crafting prompts that imbue the model with a ‘bad identity’ evaluating how negative

framing influences output quality. This is tested by the Ignorant prompt.

5. Elaboration with Additional Details: By embedding extra formatting details within prompts,
this test aims to determine the effectiveness of such specifications in enhancing the preci-
sion and structure of the responses. This is tested by the Expert Detailed and [CoT}based

prompts.

6. Inclusion of Magic Sentences: Setting up magic sentences is often claimed to yield supe-
rior results, e. g., including the sentence “take a deep breath” [|138]], or “if you don’t get this

right, I will get fired and lose my job”. This aspect tests if this is effective.

7. Preemptive Step-by-Step Reasoning: Utilising a strategy that applies an advanced step-
by-step processing within prompts, assessing its utility in tackling complex tasks through
structured thought processes. The suite of prompts assess the step-by-step reasoning
using with different combinations of previous concepts.

8. Follow-up Verification Prompts: After using the prompts, send a follow-up prompt
to check if the answers of the prompts can be enhanced, especially related to the in-
struction following aspect. This is tested by the CoT-verify prompts.

In this evaluation, the temperature parameter 7' is set to 0 and the top-p is set to 1, which is
equivalent to the deterministic greedy predictions. The Base prompt is the straightforward prompt,

which is also regarded as the baseline prompt to compare against.
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Algorithm 1 Monte Carlo Algorithm for Sensitivity Analysis

Require: prompt template P, temperature 7', top-p, list of inputs X, list of outputs ¥, m =9
1: scores < ||
N « len(inputs)
for k < 1to 2 do
for i < 1to N do
seed < randint(1, m)
z; < M(X;, P, T, top-p, seed)
end for
scores.append(ACC(Y, 7))
end for
mean_score <— mean(scores)
. interval «— confidence_interval(scores)
: return mean_score, interval

RN R R

_ = =
N =72

8.1.2 Sensitivity analysis of 7" and top-p

For the sensitivity analysis of the 7" and top-p parameters, a Monte Carlo analysis is employed
to sample from the performance scores corresponding to an underlying space of resulting strings
predicted by an Algorithm ] depicts the exact procedure used.

Given are the parameters 7', top-p, an input prompt P adjusted for a problem, and an input ex-
ample X;, then m corresponding predictions are sampled by an underlying by using m
different seeds; [3]] used m = 9. Some of the m values can be identical if the model samples
the same value for different seeds, which can easily happen if the model is predicting a very high
probability for a token. In order to sample a value for a performance measure for a set of fixed
values of the aforementioned parameters, a prediction for each example X; is randomly picked
(uniformly, from the m different predictions for X;), then this is done for each example X; in the
dataset independently and the aggregate performance measure is calculated. Subsequently, this
procedure is repeated 16,384 (2'*) times, then these samples from the performance distribution
are analysed to explore the distribution of the performance metric, including its expected value

and the associated 95% confidence intervals.

When investigating 7', the values 7' € {0,0.3,0.7,1.0,1.2,1.5} are explored while fixing top-p
to 1.0. When investigating top-p, the values {0.3,0.5,0.7,1.0} are explored, while fixing 7" to
1.0. Each of these is conducted on the two prompt templates, namely Expert Detailed and [CoT]

8.1.3 Datasets

The datasets used in [3]] are:



CHAPTER 8. EFFECTS OF PROMPTING AND SAMPLING SENSITIVITY 95

* Sentiment Analysis: Used the Twitter 140 Dataset, described in Section4.1] The evaluation

dataset is downsampled to 1,000 samples of ‘positive’ and ‘negative’ examples.

» Toxicity Dataset: Used the dataset from the toxicity detection challenge [97]], described
in Section[4.6] The evaluation dataset downsampled the ‘negative’ class given the extreme
over-representation of it (as shown in Table [7.1)), similar to [2]. The dataset originally con-
tains six labels for toxicity, however, only the general ‘toxic’ binary label is used in the

experiments in [3]], given its generality and superior performance with the GPT models [2].

e Sarcasm Detection: Used the sarcasm detection datasets described in Section The

dataset is downsampled to 1,000 examples with sarcastic binary labels or not.

8.2 Results

Two main performance measures underpinned this evaluation: the performance in affective com-
puting tasks, gauging the correctness of [LLMs|through[ACC|and [UAR]|[[82], and the helpfulness of
the by measuring its adherence to the instructions provided, hence by assessing the amount

of easy-to-parse responses.

8.2.1 Sensitivity Analysis

In the analysis of temperature sensitivity, shown in Figure |8.1a} optimal performance is observed
at lower temperatures (7' < 0.3), with [ACC]| decreasing at higher temperatures. This pattern
holds for both Expert Detailed and prompts, the former being concise and the latter more
elaborate. The 95 % confidence intervals for accuracy expand at higher temperatures, indicating
increased randomness. The [CoT|prompt exhibits broader confidence intervals, especially at lower

temperatures. The optimal prompt template varies by problem.

The top-p sensitivity analysis, illustrated in Figure reveals that less conservative generation
impairs performance. For the Expert Detailed prompt, performance variance becomes noticeable
at top-p values exceeding 0.5. A top-p of 0.5 maintains consistent results, while a slight increase
to 0.7 introduces minor variances that occasionally enhance performance, followed by a significant

performance decline at top-p of 1.0.

In most cases, the higher band of the accuracy scores for the creative generations (high 7' or top-
p) is, at best, minorly better than the average performance of the conservative generations (low 7'
or top-p). This indicates that the probabilities given by the model are already close to the most

superior performance that can be extracted by the underlying
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(a) Sensitivity analysis for the temperature parameter 7', where T € {0.0,0.3,0.7,1.0,1.2,1.5}.
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(b) Sensitivity analysis for the top-p, where top-p € {0.0,0.3,0.5,0.7,1.0}.

Figure 8.1: Sensitivity analysis for the 7" and top-p parameters using the Expert Detailed and

prompts, demonstrating the scores with the corresponding 95 % confidence intervals. The
figures are taken from [3]].

8.2.2 Prompting Analysis

The prompt analysis results in Table [8.2] compare the ratio of parsed examples, [ACC| and [UAR]
Furthermore, statistical significance is tested using a two-tailed randomised permutation test [[131]],
compared to the Base prompt. Base, Expert, Expert Detailed, and [CoT}based prompts generally
outperform others, with the prompt excelling in sentiment analysis, the Base prompt in toxi-
city detection, and the Expert prompt notably in sarcasm detection.

The Ignorant prompt consistently yields the poorest performance across all tasks. This indicates
that the model can internalise limiting beliefs, leading to a decline in performance. It appears that
the model ’acts’ as an ignorant entity by altering some answers it could otherwise predict accu-
rately. This is evident as the decline in performance is more pronounced in easier tasks, such as
toxicity detection, compared to more challenging tasks, such as sarcasm detection. The Gambler,
Greedy Gambler, and Python Expert prompts exhibit moderate performances, with the latter, de-

spite its helpful expert persona, underperforming due to irrelevant expertise. These suggest that
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Prompt Parsed [%] [ACC]1%] [UAR][%]
Sent.  Toxic Sarcasm | Sent.  Toxic  Sarcasm | Sent.  Toxic  Sarcasm

[E2E - - - 71.3 82.1 60.9 71.3 83.7 65.6
RoBERTa - - - 86.5 85.6 91.8 86.5 87.0 91.8
Base 97.5 99.8 100.0 71.9 87.9 62.2 78.4 87.9 60.5
Expert 98.8**  99.9 95.8** 77.2 87.6 72.1** 77.8 87.4 73.2**
Expert Detailed | 99.7** 100.0 100.0 78.4 87.6 63.2 78.8 87.8 60.5
Ignorant 99.9**  99.6 100.0 71.3**  67.2** 58.3* 72.2%% 63.3* 52,1
Gambler 98.4 99.5 100.0 75.6™  78.1"* 61.2 76.2**  76.0°* 58.3
Greedy Gambler | 98.2 99.5 100.0 76.7 72.8%*  59.6 71.3 70.0**  56.1**
Python Expert 98.6*  99.6 100.0 75.6**  70.5** 59.5 76.1**  67.3*  54.8**
89.6 97.5 99.6 80.2  80.7* 649 80.7  80.6™ 66.0
CoT-DB 91.9**  97.6** 99.3* 80.2 80.2**  63.6 80.6 79.7**  64.2*
CoT-fired 81.8** 93.2** 08.8** 78.7 80.5**  65.6* 79.1 80.4**  66.2**
CoT-DB-fired 84.3** 90.8** 98.3** 78.9 80.6** 64.7 79.4 80.5**  64.8**
Expert CoT 90.5**  96.3** 99.8 79.3 71.4* 633 79.7 69.6**  63.7
Expert CoT-DB | 90.1**  98.4** 99.4* 78.9 77.8** 652 79.5 76.4**  65.3**
CoT-verify 92.9** 99.5 100.0 79.8 81.5** 61.5 80.1 81.0* 59.5
CoT-DB-verify | 92.7** 99.6 100.0 80.0 84.2**  60.0 80.6 83.9** 55.8*

Table 8.2: The performance results of the prompt templates from Table The performance
measures are ratio of easy-to-parse examples, and * ** demonstrate a statistically
significant difference (calculated by a two-tailed permutation test [[131]) compared to the Base
prompt, with p-values < 5% and < 1 %, respectively. The best prompt in each column is marked
in bold. The baselines are extracted from the predictions in Table

specifying expertise or motivation needs to be managed carefully, as not doing so can result in

majorly poorer performance.

Magic phrases like “take a deep breath” or threats of job loss do not consistently enhance |Co']

based prompts, neither for correctness nor helpfulness. Additionally, the notable overperformance
of the Expert prompt in sarcasm detection and the notable underperformance of the Expert
prompt in toxicity detection are anomalies that suggest that can be highly sensitive to spe-
cific elements of input prompts. This conclusion is drawn from the significantly different outcomes
of particular combinations of prompts and tasks, despite the prompts differing only slightly. In par-
ticular, adding the sentence “You are a world-class expert at {problem name}.” at the beginning of
the Base prompt makes it significantly better for sarcasm detection (accuracy 62.2 % — 72.1 %),
whereas adding it at the beginning of the [CoT]| prompt makes it significantly worse on toxicity
detection (accuracy 80.7 % — 71.4 %). This indicates that some “magic sentences” can make a

major impact in specific setups, but this is not a general phenomenon and requires further study.

The Expert Detailed prompt is most effective for parsing responses, particularly in sentiment anal-
ysis. [CoT}based prompts are far less successful at generating easy-to-parse responses, compared
to simple prompts like the Expert and Base prompts. However, ease of parsing does not always
necessarily translate to better performance, as shown by the superior accuracy scores of the

prompts, indicating the nuanced impact of the prompt structure on output.
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8.3 Conclusion

The study [3] investigated the sensitivity of foundation models to different prompting strategies
and sampling parameters in affective computing tasks. The experiments focused on three key

aspects: prompt template, temperature parameter 7', and top-p parameter.

The key elements of the method and results include:

» Conservative sampling by using lower temperatures (7" < 0.3) and moderate top-p values

(=~ 0.7) generally improved performance.

* Expert Detailed and especially [CoT|prompts significantly enhanced model accuracy, whereas
the Expert Detailed prompt facilitated response parsing.

* Magic phrases like “take a deep breath” did not consistently improve performance. How-
ever, there were some anamolies where they made significant performance changes (better

and worse), which requires further investigation.

o It is crucial to carefully instruct the because instructions that are irrelevant, mis-
aligned, or maladaptive can be detrimental to the performance of

The study highlighted the importance of precise prompt engineering and parameter tuning in op-
timising the performance of foundation models. By systematically analysing these factors, the
research provides valuable insights for future prompt design and model deployment strategies,

ensuring better handling of affective computing tasks.



Chapter 9

Fusion of Prompting and NLP

Paradigms

The main aim of [4]] is to study the merging of foundation model with traditional models.
Typically, different[ML] models can be merged together by use of ensemble methods as described
in Section Methods in Section are often described as late fusion, since the models are
treated as black-box predictors and they are only merged at the output level of the underlying base
models. Another type of fusion is the early fusion, which performs a merging at an early level,

either on the input features level or on an intermediate level within the model architecture itself.

[4] primarily explores the research question:

RQ-4: Can both the prompting paradigm and the traditional paradigm of specialised models

benefit from each other?

9.1 Approach

The approach in [4]] investigates the potential enhancement of traditional NLP|techniques by incor-
porating responses from foundation models. [4] utilised GPT-3.5 as the foundation model, specif-
ically the version ‘gpt-3.5-turbo-0301 ﬂ In other words, [4] investigates if there is a unique per-
spective presented by foundation models that would lead to the enhancement of both paradigms
upon fusion, with fusion techniques as explained in Section[2.6] The approach encompasses fusion
techniques, prompt engineering, feature extraction, and machine learning models. The general

pipeline of the approach is shown in Figure

"https://platform.openai.com/docs/models
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Text » » [MLPI » Label
Text » |BoW| » [MLP] » Label
Text » Prompt » » [RoBERTa} » [MLPI » Label
Text » Prompt » |GPT! » |BoW| » [MLCP] »| Label
Early Fusion Late Fusion

Figure 9.1: Pipelines of the different fusion methods. Each branch shows one of two utilised
modalities (raw input text in the first two branches, or input text processed by models) and an
technique. Late fusion is employed by merging the scores of the predictions, whereas early
fusion is employed by concatenating the features extracted by the methods.

9.1.1 Fusion

The most crucial aspect of attempting fusion between foundation models and traditional
methods is finding a common representation to facilitate the fusion. The text in traditional
passes through several phases, first is the raw text itself (probably after normalisation, e. g., using
lowercase or lemmatisation), then feature representation (e. g., as Word2Vec, or embed-
dings by a pre-trained text model like RoBERTA4), then a final prediction after using a model.

Feature-based fusion was not possible when conducting [4], because it was done with the closed-
source [GPT] models that do not allow access to the intermediate features of the model. Another
possibility of fusion is to merge on the prediction level, but this would allow only a method like
majority voting given that the foundation model gives a prediction of a specific class without
scores. This would require several foundation models for proper majority voting fusion, otherwise
it would almost ignore the results of the foundation models, if there are too many or too few

predictors.

The fusion approach that was made possible by [4] is first processing the input text with a founda-
tion model to obtain response text; unlike [1]], the text is enforced to be verbose instead of concise
mention of a predicted class. Without verbosity the text would typically include sentences with a
format similar to “label: positive” or “label: negative”, which is the main prediction. However, the
verbose explanation surrounding this sentence allows for a scoring of this on a spectrum of how
intense this label is. For example, the response “This text contains very strong positive sentiment
because the person just received a job offer. label: positive” can be assigned to a sentiment score
that is higher than that of “The text shows very subtle hints of positive sentiment, but the context

is not very clear. label: positive”.
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As a result, the input text and the verbose response can be formulated as two different modalities,
similar to a multimodal problem that merges predictions of two different modalities, e. g., audio
and text. In the case of [4], the two modalities are named “Text’, which is the original text, and
‘FM’, which is the verbose response by the foundation models. Since both modalities are text-
based, text-based processing can be applied to each of them independently to obtain features, and

an[ML]model can be used after that to make a prediction. In [4], two fusion methods are employed:

* Early Fusion: Concatenation of features from different modalities after extracting the fea-
tures from the texts using or RoBERTa-base.

» Late Fusion: Averaging the predicted probabilities based on each modality.

9.1.2 Prompting

In order to generate verbose or detailed responses from the foundation model, carefully crafted
prompts are used in [4] while generating responses using the ‘gpt-3.5-turbo-0301" model. The
experiments in [4]] based the prompts on the earlier prompts in [1]], with a main difference, namely
explaining the reasoning behind the answer. The prompts in [4] make use of the OpenAl API,
however, the messages are sent as assistant messages without using system messages, unlike [|1,3]]

which used the system message.

The prompts used in [4]] are given by:

* For the sentiment analysis:

“What is your guess for the sentiment of the text “{text}”, answer positive, neutral, or

negative? it does not have to be correct. Do not show any warning after.”
* For the suicide-tendency detection:

“What is your guess if a person is saying “{text}” has a suicide tendency or not, answer

yes or no? it does not have to be correct. Do not show any warning after.”
* For the Big-Five personality traits assessments:

“What is your guess for the Big-Five personality traits of someone who said “{text}”,
answer low or high with bullet points for the five traits? It does not have to be fully

correct. You do not need to explain the traits. Do not show any warning after.”
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9.1.3 Features and Models

Two feature extraction techniques are applied to both original texts and [GPT]|responses:

. Features are extracted using the pre-trained RoOBERTa-base model, resulting in

768-dimensional vectors.

. 'TE-IDF| is used to generate n-grams, producing 10,000 features for original texts
(where n = 1) and 2,000 for the responses (where n € {1,2,3}). The vectors are

scaled to be within the range [—1, 1]. The vocabulary size used for the responses is

smaller because the responses display a narrower vocabulary scope.

are selected as the main models based on their superior performance compared to
in preliminary experiments. The models are hyperparameter-tuned using the toolkit
(explained in Section[2.7)), exploring a range of hyperparameter configurations to optimise perfor-
mance. The hyperparameters space for the is similar to Section [6.1.3] The MLPs|employ
N € |0, 3] hidden layers, with log-sampled U € [64, 512] number of neurons, and Adam opti-

misation algorithm [[130] with a log-sampled learning rate o € [107%,10]. ReLU is used as an
activation function, except the last layer uses sigmoid activation. The loss function is for
classification, and for regression.

9.1.4 Datasets

Three distinct datasets were employed for different affective computing tasks:

¢ Sentiment Analysis: The Twitter Sentiment140 dataset, filtered to 28,000 tweets, labelled

as either ‘positive’ or ‘negative’. The dataset is described in detail in Section[d.1]

* Suicide Detection: The Reddit-based dataset is divided into posts labelled as ‘suicide’ or
‘non-suicide’. The dataset is described in detail in Section

* Personality Assessment: The First Impressions dataset, based on YouTube video tran-
scripts, labelled for the Big-Five personality traits: ‘Openness’, ‘Conscientiousness’, ‘Ex-
traversion’, ‘Agreeableness’, and ‘Neuroticism’. The dataset is described in detail in Sec-
tion .10

9.1.5 Baseline

A baseline is established by directly parsing the binary labels from the responses of ChatGPT

without further processing. This is done simply by checking whether the words corresponding
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Text kﬁ Fusion || Sent. || Suic. Personality

[RoBERTa| | [BoW|| [RoBERTa[] [BoW| Average [ O C E A N
Baseline - 77.68 || 9448 || 54.34 ][ 65.54 | 58.43 | 47.80 | 53.35 | 46.47
v - 77.83 | 9537 | 64.12 || 67.55 | 63.09 | 61.19 | 67.55 | 61.19
v - 73.90 || 90.40 || 61.66 || 66.80 | 59.89 | 57.34 | 66.80 | 57.49
v - 80.27 || 92.34 || 61.01 || 66.90 | 59.09 | 55.43 | 66.70 | 56.94
v - 79.83 || 91.92 || 60.71 || 66.90 | 57.24 | 55.73 | 66.70 | 56.99
v v Early || 81.20 || 96.17 || 63.65 || 68.15 | 61.84 | 60.54 | 66.70 | 60.99
v v || Barly || 80.90 || 93.52 || 61.79 || 66.90 | 60.39 | 56.94 | 66.60 | 58.14
v v Early || 7627 | 92.97 || 6221 || 67.40 | 59.69 | 59.39 | 66.60 | 57.99
v v/ || Early || 80.03 || 91.96 | 60.89 || 66.90 | 58.29 | 55.53 | 66.60 | 57.14
v v/ v v || Barly | 80.93 | 9394 || 61.53 | 67.00 | 60.34 | 57.04 | 66.80 | 56.48
v v Late || 81.60 || 96.13 || 63.26 | 66.95 | 61.19 | 59.49 [ 66.70 | 61.99
v v/ [ Late || 80.77 | 93.94 | 61.68 || 66.90 | 59.94 | 58.54 | 66.65 | 56.38
v v Late || 79.40 | 95.54 || 63.59 || 66.75 | 63.40 | 60.79 | 66.75 | 60.24
v v [ Late || 81.13 | 9276 | 61.08 || 66.90 | 59.64 | 55.38 | 66.65 | 56.84
v v v v/ [ Late || 82.60 || 9545 | 62.66 || 66.90 | 61.49 | 59.39 | 66.70 | 58.84

Table 9.1: results for all the problems with the different fusion methods. There are two
input modalities, the original text (Text), or the verbose response of the model on a question
about the original text and the affective problem (GPT). Each modality is processed using

methods, using[RoBERT4| features or[BoW] followed by an for the final binary classification
prediction. The fusion is either done early on the feature level with one or done late on the

predictions level via averaging the output probabilities. The best result in each problem (in each
column) is underlined, while the best combination within each fusion type and problem is marked
in bold.

to the binary classes exist in the text or not. This method provided a point of comparison for

evaluating the effectiveness of the proposed fusion strategies.

9.2 Results

The results of the experiments are shown in Table 9.1} They explore the interplay between three

main parameters:

* The input modality: original text or the GPT response on that.

* The extracted features: ROBERTa embeddings or normalised count vectors from an n-gram

BoW approach.

* The fusion method: early on feature level or late on prediction level.

In the analysis of single modalities, the performance of using the original text with RoOBERTa and
BoW is consistent with other studies [[1,[2]], with minor differences attributed to dataset sampling.
The GPT+RoBERTa single combination shows reasonable performance, comparable to the single
combination of Text+BoW but generally inferior to the combination Text+RoBERTa, except in

sentiment analysis. GPT+BoW performs slightly worse than GPT+RoBERTa.
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Fusion results indicate that combining Text+RoBERTa and GPT+RoBERTa yields the most effec-
tive outcomes, with early fusion generally outperforming late fusion except in sentiment analysis.
However, for other combinations, late fusion often surpasses early fusion, with the late fusion of

the four combinations outperforming their early fusion.

Generally speaking, the effectiveness of fusion is not directly explained, as the performance is
variable based on the underlying task and its data distribution. However, integrating when
it has decent performance as a single modality can generally yield improvements, be it in early
or late fusion. The effectiveness of the single combination Text+RoBERTa is most notable in
personality assessment, while the early fusion of Text+RoBERTa and GPT+RoBERTa excel in
suicide detection, and the late fusion of all modalities is the best in sentiment analysis. Early
fusion offers the practical benefit of requiring hyperparameter tuning only once, whereas late

fusion allows for different training sizes per modality.

Comparing [4]] to the earlier work [1], [4] incorporates verbose responses from GPT, showing
that using [GPT] with processing as the parsing method instead of more primitive parsing
methods yields effective results, as it aligns closely with the baseline results of finding the words
of the binary classes within the text. It even enhances the results of sentiment analysis and per-
sonality assessment outcomes, albeit with a decrease in suicide detection. The use of verbose
responses mitigates the challenge of parsing labels from foundation models responses as high-
lighted in Section Furthermore, using methods with verbose responses facilitates the

fusion of different models, including foundation models, hence enhancing performance.

9.3 Conclusion

The study [4] examined the fusion of foundation models with traditional techniques to en-
hance performance in affective computing tasks. The approach involved generating verbose re-
sponses from GPT-3.5, extracting features using RoOBERTa and[BoW] and applying both early and

late fusion techniques.

The key findings include:

* Early fusion of Text+RoBERTa and GPT+RoBERTa showed the best performance, particu-

larly in suicide detection.
* Late fusion was more effective for sentiment analysis, leveraging all modalities.

* Integrating responses provided valuable contextual information, improving overall

model accuracy.



CHAPTER 9. FUSION OF PROMPTING AND NLP PARADIGMS 105

The study demonstrated that verbose responses from foundation models facilitate effective fusion
with traditional methods, addressing parsing challenges and enhancing performance across
diverse tasks. This integration underscores the potential of combining foundation models with

traditional techniques to achieve superior results in affective computing applications.






Chapter 10

Ethical Considerations

Affective computing represents a significant stride in the evolution of [Al| where and founda-
tion models stand at the forefront. These models, trained on gigantic amounts of data, can discern,
interpret, and generate responses reflective of human emotions, marking a pivotal advancement
in human-computer interaction. Nevertheless, deploying such technologies is fraught with ethical

dilemmas, necessitating comprehensive scrutiny.

10.1 European Union Artificial Intelligence Act

This section provides a summary of the [European Union’s Artificial Intelligence Act (EU Al Act)]

utilising the high-level summary provided by the official [European Union (EU)| source as the

primary reference [[139].

The [EU Al Actlis a pioneering legislative measure aimed at regulating the deployment and util-
isation of [Al] and [General Purpose Artificial Intelligence (GPAT)| across the member states.

It is designed to safeguard fundamental rights and ensure safety while fostering innovation and

economic growth through the trustworthy use of [Al] technologies.

The|EU Al Act|defines model and system as follows:
“‘[GPAI|model means an [Allmodel, including when trained with a large amount of data using

self-supervision at scale, that displays significant generality and is capable of competently
performing a wide range of distinct tasks regardless of the way the model is placed on the market
and that can be integrated into a variety of downstream systems or applications. This does not
cover |Allmodels that are used prior to their release on the market for research, development and

prototyping activities. *”’

107
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“* [GPAI| system means an [Al] system that is based on a general purpose [All model, that has the
capability to serve a variety of purposes, both for direct use as well as for integration in other [A]]

systems. ”’

The seeks to establish a unified legal framework for [All addressing the diverse appli-
cations and potential risks associated with [Alltechnologies. Its primary objective is to protect [EUJ
citizens from harmful |Al| practices and to promote a digital economy through the safe and ethical
development of [All The legislation focuses on ensuring [Al| systems are transparent, traceable, and
under human oversight, thus building public trust and facilitating the adoption of [A]] technologies

across various sectors.

10.1.1 Risk-Based Regulatory Approach

Central to the [EU Al Act|is its risk-based classification system, which categorises systems
according to the level of risk they pose to safety and fundamental rights. The[EU AT Actdelineates

four categories of risk:

* Unacceptable risk: The [Al] practices that are prohibited under the include, but
are not limited to: practices that manipulate human behaviour to circumvent the free will
of users (e. g., children using toys employing voice assistance), systems that allow forms
of social scoring by governments, systems for biometric categorisation, and systems for

inferring emotions in workplaces or educational institutions (except for medical safety).

* High risk: This includes[Allsystems used in critical infrastructure (e. g., transport), that af-
fect educational or vocational training, employment and worker management, and essential
private and public services (e. g., credit scoring), which could potentially lead to adverse

impacts on livelihoods or access to services.

* Limited risk: [Al] systems that require specific transparency obligations, such as chatbots.
The transparency obligations include that users should be aware that they are interacting

with a machine and not a human.

* Minimal risk: This category includes [Al]applications free from any conformity assessment
except for general monitoring, covering the vast majority of |All systems currently used in
the This includes applications like spam filtering.

For high-risk[Al|systems, strict compliance requirements are mandated before market entry. These

requirements include, but are not limited to:
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* Implementing adequate risk mitigation and assessment systems, by deploying the lifecycle
of the high-risk |Al|system (outlined below).

* High levels of accuracy, robustness, and cybersecurity.

» Logging of activity to ensure traceability of results.

Detailed technical documentation to allow for the assessment of system compliance.

* Appropriate human oversight measures to minimise risk.

Lifecycle of a high-risk Al system is a framework for compliance with regulations related to
high-risk [Al] systems. The following steps can be implemented by the providers of such systems
when a high-risk[Al] system is developed:

1. Undergoing conformity assessments to comply with[Al| requirements.

2. Registration of a stand-alone [Al|system in an [EU] database.

3. A declaration of conformity needs to be signed, and the system should bear the CE

marking. The system can be placed on the market thereafter.

These steps are repeated upon substantial changes to the [All system.

10.1.2 General remarks
Data Governance

The places significant emphasis on the quality of data used in [All systems. It requires
that data sets be relevant, representative, free of errors, and complete. Additionally, measures
must be in place to handle biases in data, ensuring that systems do not propagate existing
inequalities or lead to discriminatory outcomes. Furthermore, the publication of summaries of the

training datasets is also mandated.

Transparency and Information Duties

Transparency requirements under the [AT] Act ensure that users are always informed when they are
interacting with an[Al|system and not a human, and that they are fully aware of the capabilities and

purpose of an[Allsystem. This is crucial for maintaining user autonomy and trust in [Al| systems.
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Enforcement and Penalties

The [EU Al Act|outlines specific provisions for enforcement and penalties to ensure compliance.
National authorities are tasked with overseeing and ensuring compliance, with the power to impose

fines of up to 30 million EUR or 6 % of the total worldwide annual turnover for non-compliance.

Support for Innovation

Recognizing the potential of |Alf to drive innovation, the [EU Al Act|includes measures to support
the development and uptake of[Al|across the This includes establishing excellence and testing
centres to provide businesses, particularly small- and medium-sized enterprises, with the resources

to develop and test[Al] systems.

Review and Adaptation

The legislation includes a clause for periodic review, ensuring that the legal framework can adapt
to the rapid advancements in [All technology and continue to effectively address new challenges

and opportunities.

Global Impact

By setting stringent yet clear regulations, the not only aims to lead global standards in
governance but also to position the European market as a leading hub for ethical [Al| develop-

ment.

10.2 Foundation Models Risks

10.2.1 Training Data and Procedures

Training foundation models and [LLMs|includes utilisation of gigantic amounts of data [18}63/64]
70L[71L{129]. This includes data from the entire internet, which contains major amounts of text that
could lead [LLMs|to produce unsafe outputs.

Alignment techniques can be used after that to enhance resulting [21]]; however, the efficacy
of such techniques is not always straightforward. InstructGPT presents techniques to align
[21]]; however, [21] mentioned that the alignment can end up optimising for behaviour

on the expense of another. As an example, InstructGPT models ended up answering user requests
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better, while magnifying the chance of giving more unsafe responses if this would fulfil the request
of the user better. As such, it is important to align models for several aspects simultaneously. The
development of the LLaMa2 models studied the effects of such alignments by exploring tradeoffs
between safety and helpfulness [70].

The GPT models are released only through an API, but not the models themselves; meanwhile,
the LLaMa models are open-source released. The release of such presents dilemmas on
the future ethical landscape of [All On the one hand, not releasing allows safeguarding the
use of models to ensure compliance with several safety constraints at the expense of sacrificing
some transparency and bias of the training and alignment procedures of such models, as they are
entirely conducted by one entity. On the other hand, releasing the models publicly allows access
for malicious actors, who are not necessarily trying to abide by the law, but also allows for more
open and widespread research regarding developing measures to safeguard and align and

foundation models.

10.2.2 Jail Breaking and Attacks

Foundation models form an emerging paradigm with their set of capabilities, but also with a set of
vulnerabilities. Foundation models within systems can be targeted using adversarial attacks that
hijack the alignment of the models, which can end up leading such systems to perform harmful
actions. This emphasises the principle of human oversight in the which would allow

humans to revise such harmful actions before they occur, hence preventing them.

The topic of adversarial attacks is an open research topic. [[140] explores many jailbreak attacks on
foundation models, including techniques that have prompt injection attacks using infected images
or infected search results. Research in this topic is of crucial importance for the future safety

of |Al| systems based on foundation models and mitigating and measuring corresponding risks, in
compliance with [140L|141]] provide the basis for this.

10.3 Affective Computing and the EU AI Act

The [EU Al Act| stands as a landmark regulatory framework, setting out legal and ethical stan-
dards for [Al]development and deployment. Its implications for affective computing, especially in
the context of and foundation models, are significant, focusing on ensuring transparency,

accountability, and human oversight.

The discussion below applies to affective computing systems, whether they use foundation

models or traditional models because, from a legal point of view, they are judged as systems
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with specific capabilities regardless of the models used within. In case of additional employment
of foundation models in such systems, additional risks and regulations of foundation models will

apply, as outlined in Section[10.2]

Under the [EU Al Act] affective computing applications might be classified as high-risk or even
prohibited, necessitating stringent adherence to compliance measures. Generally, individual sys-
tems should be rigorously investigated for legal compliance; a few simplistic examples are outlined

below.

10.3.1 Risks of Affective Computing Systems

Reasons for classification of some systems as prohibited applications can include systems that
utilise capable [All models on very sensitive and personal signals, outside the scope of medical
use, €. g., suicide-tendency detection and well-being assessment. Furthermore, models with ca-
pabilities for assessing personality can be a component of facilitating targeted manipulation of
human behaviour, which is also prohibited under the e. g., Cambridge Analytica scan-
dal [|142].

Other affective computing systems can be classified as high-risk, such as using personality signals
for extracting data points for making employment decisions. Such systems can easily suffer from
bias, leading to unfair employment decisions. Therefore, such systems should be subject to the
human oversight principle in the[EU AT Act] and the assessment and mitigation of bias in the data
and the systems. The latter is discussed in the following Section[10.3.2]

10.3.2 Assessing and Mitigating Bias and Unfairness

The First Impressions dataset [[107] for training personality assessment models, introduced in Sec-
tion was shown to include bias favouring some personality outcomes depending on race and
gender [119,/143]]. Approaches for mitigating the impact of the bias in the First Impressions dataset
are introduced in [|144,(145]).

Measures and approaches for fairness are introduced in [[146,/147]. These should be adopted as
part of the assessments and mitigation regulated by the EU Al Act

10.3.3 AI Explainability

The [EU Al Act/mandates that [Al| systems, including those in affective computing, must be trans-
parent and explainable. This requirement is vital to ensure that users can comprehend the mecha-

nisms behind decisions, particularly those involving emotional analysis and response generation.
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Such transparency fosters trust and enables the detection and rectification of biases or errors within
the system. Explainability in[NNglis a difficult topic, given the billions of parameters they include,
with complex interactions; however, approaches like [[148]] can be an amendment for [All models

for explainability.

10.4 Conclusion

Affective computing signifies a substantial advancement in [Al] especially by leveraging
and foundation models to enhance human-computer interaction. Corresponding |Al| technologies
offer new possibilities in understanding and responding to human emotions, but they also present

significant ethical challenges, particularly concerning privacy, bias, and potential misuse.

The provides a comprehensive regulatory framework to address these challenges, en-
suring that [Al] systems are developed and deployed safely and ethically. The is based
on a risk-based classification system, compliance requirements, and emphasis on transparency
and human oversight, which reflects the leadership of the [EUJin establishing global[Al] governance

standards.

Foundation models and[LLMs|pose unique challenges due to their reliance on vast datasets, which
can lead to biases and unsafe outputs. The trade-offs between safety and helpfulness, as observed
in models like InstructGPT [21]] and LLaMa [70,/71]], highlight the complexity of aligning these
models with ethical norms. The risk of adversarial attacks and model jailbreaking further under-

scores the necessity for robust oversight and ongoing research to protect against malicious use.

Affective computing applications, which involve [Al] systems capable of interpreting human emo-
tions, face particular scrutiny under the framework. These applications must prioritize
user privacy and prevent manipulation, ensuring compliance with stringent ethical standards. Mit-
igating bias in datasets is critical to achieving fairness and adherence to the

In conclusion, the advancement of [All particularly in affective computing and foundation models,
holds significant potential for innovation and societal benefit. However, ethical considerations and
potential risks require a thoughtful and proactive approach to[Allgovernance. The offers
a solid foundation for responsible |[Alldevelopment, emphasizing transparency, accountability, and
human oversight. By following these principles, the[Allcommunity can ensure that[Al]technologies

contribute positively to society while respecting human dignity and promoting well-being.
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Chapter 11

Conclusion

This thesis explored the potential of leveraging foundation models, particularly [Large Language]
[Models (LLMs)| like the underlying models of ChatGPT (GPT-3.5 and GPT-4), in the realm of

affective computing, by examining various tasks such as sentiment analysis, toxicity detection,

and personality assessment.

11.1 Key Contributions

The research presented in this thesis makes several key contributions to the field of affective com-

puting, based on the main four studies [[1-4]:

1. Introduction of the Prompting Paradigm: The thesis formulated a framework to use foun-
dation models for predicting affective computing problems. The framework represents an
outline of the methods used in all the studies that were conducted. The framework con-
sists of problem modelling, prompt formulation, utilising foundation models, and parsing

responses. The studies investigate these aspects in depth.

2. Emergence of Affective Computing Capabilities: The earliest study identified how
can exhibit abilities for solving affective computing tasks, without specialised training,

through improved contextual understanding and nuanced response generation. [LLMs|showed

performances comparable to classical methods of specialised models (Bag-of-Words (BoW))

and Word2Vec), and at times comparable to more advanced methods like employing
[bustly optimised BERT Approach (RoBERTa)| models.

3. Wide Evaluation of LLM Capabilities on Affective Computing: The thesis included a

study that conducted a wide evaluation of the [Generative Pre-trained Transformer (GPT)|
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models as foundation models on a very wide range of affective computing tasks. The tasks
were grouped into three major categories, sentiment-based problems, psychology-based
problems, and problems with implicit signals. models had the most superior per-
formances on the psychology-based problems, where they reached the best performance in

many cases, especially for GPT-4. The performances on the sentiment-based problems were

in between classical methods like [Long Short-Term Memorys (LSTMs)| and specialised
RoBERTal models. Lastly, the performances on problems with implicit signals were gen-
erally quite weak, even when comparing the [State-of-the-Art (SOTA)| foundation model,

namely GPT-4, against classical [Natural Language Processing (NLP)| methods.

4. Prompt Sensitivity and Sampling Strategies: The thesis delved into the sensitivity of
to different prompting techniques and sampling parameters. The findings highlighted
the importance of conservative sampling methods, precise prompt engineering, and the role
of expert prompting (by instructing an[LLM]to behave as a subject-matter expert) and [Chain-|

of-Thoughts (CoT)| prompting (by instructing the to breakdown its analysis step-by-
step before answering) in optimising model performance. The analysis underscored the

necessity of fine-tuning prompts to align with specific affective computing objectives, en-

abling more accurate and reliable outputs.

5. Fusion of Foundation Models and Traditional NLP Techniques: Through novel meth-
ods to integrate fusion strategies, including early and late fusion approaches, the research
showed that combining outputs with classical methods can lead to enhanced per-
formance across various tasks. Both early and late fusions, particularly involving and
[RoBERTa models, were demonstrated to be quite effective.

6. Ethical Considerations in Affective Computing: Addressing the ethical implications of
deploying in affective computing applications, this thesis emphasised the importance
of bias mitigation, security against jailbreaks of and adherence to regulatory frame-
works such as the [European Union’s Artificial Intelligence Act (EU Al Act)l The thesis

discussed strategies for ensuring ethical compliance and safeguarding user interests, thus

fostering trust and accountability in [Artificial Intelligence (Al)}driven affective computing

systems.

11.2 Future Work

Building on the insights gained from this research, several avenues for future work are proposed:

* Aligning Foundation Models with Affective Computing: The foundation models that are
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currently present in the field, including the models that were used in this work, are
likely not trained on many of the affective computing tasks. Hence, they are relying purely
on the scaling and emergence capabilities in[LLMs] but not an explicit form of aligning these
models to better understand affective computing tasks. There are probably a few exceptions

for this, like the toxicity detection problem. Consequently, future models can integrate var-

ious affective computing data and aligning techniques, like [Supervised Fine-Tuning (SFT)|

and[Reinforcement Learning with Human Feedback (RLHF)| during the development phase,

hence probably reaching [SOTA| performance results on a wide range of affective computing
problems, in addition to the standard capabilities in other fields like reasoning, responding
to instructions, and solving coding problems. The likelihood that the aligned can
reach results is due to the scale of the models and their general comprehension of
human language. This will result in a generation of affective computing that purely relies

on generalist foundation models aligned to solve affective computing problems.

» Safeguarding against Weaknesses due to Prompting: The studies have demonstrated per-
formance vulnerabilities due to certain prompting-related features, such as hypersensitivity
on some random occasions, leading to significant changes in performance. Additionally,
the studies demonstrated that maladaptive prompting can lead to weaker performances; this
weakness and other jailbreaking vulnerabilities in the literature highlight the importance of
safeguarding All of these conclusions point to the direction that the field of prompt

engineering still needs to mature further to prevent such instances from happening.

* Multimodal Foundation Models: This work conducted a very rigorous exploration of the
capabilities of foundation models in affective computing; however, this was limited to using
the text modality only. Many promising models with visual capabilities are emerging in the
field, and similar studies need to be conducted to extend the results to multiple modalities

like the vision and audio modalities.

* Real-world Application and Evaluation: Conducting real-world evaluations of affective
computing systems powered by in various domains, such as healthcare, education,
and entertainment, will provide valuable insights into their practical utility and impact. Col-
laborating with industry partners and stakeholders can facilitate the translation of research
findings into impactful applications. Such applications must be done with an ethical frame-

work in mind and abide by regulations like the European Union’s Al Act.
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11.3 Concluding Remarks

Integrating foundation models in affective computing opens new avenues for understanding and
interacting with human emotions through technology. The research provides insights into how
LL.Ms| can be harnessed to improve affective computing tasks, offering significant potential for

applications in mental health, user experience enhancement, and human-computer interaction.

The findings suggest that while demonstrate remarkable capabilities, their deployment must
be carefully managed to address ethical concerns and societal impact. The development of trans-
parent, explainable, and fair[Al|systems is paramount to realising the benefits of affective comput-

ing technologies without compromising human dignity and well-being.

The advancements in particularly in foundation models and affective computing, hold signif-
icant promise for transforming human-computer interaction and emotional understanding. This
thesis contributes to the ongoing dialogue on the potential and challenges of integrating in
affective computing, advocating for a balanced approach that prioritises ethical considerations and
societal benefit. By adhering to the principles of transparency, accountability, and human-centered
design, the[Allcommunity can harness the power of affective computing to create technologies that

enrich human lives and foster meaningful connections between humans and machines.
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