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Abstract

Traditional narrative systems consist of two steps of process, story generation and
discourse generation. However, many interactive systems make more effort on story
generation rather than discourse generation. For discourse generation, dialogue is an
important way used to unfold story and reveal characters in stories, and it is reasonable
to expand the capability of narrative system by exploring the potential of dialogue
generation in narratives. Also, Recent research in conditional dialogue generation
is mostly focusing on the context of natural conversation generation with speakers’
profile information. While incorporating the styles that relevant to narratives is yet to
be widely investigated.

According to the research made, in this document, we propose an approach using
a pre-trained language model, in order to explore the potential of generating dialogues
with embedded narrative-related features within the context of narrative films. In this
approach, three different embedding methods are leveraged to incorporate Big-Five
personalities of characters into transformer-based neural networks, training on a new
corpus, which is created and well-parsed from screenplays.

We conduct experiments using both automatic metrics and human evaluation to
measure the quality of the generated dialogue and personality identification accuracy.
All the dialogues for evaluation and analysis are generated with settings of the perspec-
tives of embedding method, personality trait, personality level, and film genre, which
is to explore the impact of different setting on dialogue generation with additional
narrative-related styles.

According to the automatic experimental results, we demonstrate that our approach
is able to generate dialogues with increased variety. Also overall, the generated
dialogues are able to correctly reflect the given target personality.

We also conduct three user studies for evaluate dialogues with human judgements.
In the first and the second user study, we evaluate the dialogues generated with film-
level personality using CTE (Combined Textual Embedding1) embedding method. The
results show that human participants are inclined to perceive one extreme end of each

1See detailed description in Chapter 4.3.2



iv

personality trait. In the third user study, we evaluate generated dialogues with all
setting combinations synthetically. Overall, the results show that target personalities
can be identified with various degrees of accuracy. Also, a negative correlation between
personality identification accuracy and dialogue quality is observed.

In this thesis, we propose a new approach for stylistic dialogue generation and
demonstrate its effectiveness. We believe the observations and discoveries could be a
start and a tryout to apply deep learning technique and big data to boost narrative
dialogue generation. And we also believe that our research can be applied in plenty of
potential scenarios, such as helping the authors creating huge amount of conversations
between different characters by popping utterance options corresponding to the
character settings.
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Chapter 1

Introduction

Humans have an endless appetite for stories.

� David Bordwell, in Film Art: An Introduction(Bordwell et al., 2020)

You're never going to kill storytelling, because it's built in the human plan.

We come with it.

� Margaret Atwood, the author of The Handmaid's Tale

When we talk about stories, what is the �rst thought that comes across in our

minds? We might think of the latest report in newspapers, the bedtime tales read to

children every night, the panels organised in the most aesthetically meaningful manner

in a comic book, or the sequence of scenes presented in a �lm. All of these examples

are commonly observed in our daily lives and are very likely to be categorised into

the scope of �story�. However, do they have anything in common that makes them a

�story�?

Normally in narrative theory, a �story� consists of a sequence of abstracted events,

plus other elements (e.g. characters, time, location, etc. which are withinexistent

concepts, as reported by narrative theorists (Bordwell et al., 2020; Chatman, 1978;

Rimmon-Kenan, 1983; Toolan, 2013; Young, Ware, Cassell and Robertson, 2013), i.e. the

content, or more plainly,what is told. Therefore, the reason of the examples above
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are likely to bestoryis they contain almost all of these essential narrative elements

and event chain, regardless the means by which they are expressed and conveyed.

Particularly here, structuralists in narratology call these means as the �discourse�, i.e.

how the content instoryis transmitted. In a common understanding, thestoryand

the discourseare two constituent components of anarrative(Chatman, 1978; Rimmon-

Kenan, 1983; Toolan, 2013; Young, Ware, Cassell and Robertson, 2013), in which they

play the roles of content and style/form/expression respectively, following Herman

et al. (2010).

According to Rimmon-Kenan (1983), a story in narrative sense is the narrated

events and participants in abstraction from the text. While Chatman (1978) regards

event as a change of state, or narrative action, which isbrought about by an agent or

one that a�ects a patient. From these de�nitions, it is not di�cult to notice that the

key and fundamental element in a story is event (Propp, 1968), which is an action

carried out by some individuals, orcharactersin narrated domain (Herman et al., 2010).

From a more intuitive perspective of linguistic manifestation, it could be described as

a combination of pronouns and predicates. For example, �John gets up, and he says

he is hungry�. Also, from the perspective of temporal sequentiality, a story is widely

treated as a series of events ordered chronologically, while aplot is these events with

di�erent orders and combinations of causation between events by authors (Chatman,

1978; Genette, 1983; Propp, 1968). In this document, story, along with its elements, are

our primary considerations rather than plot.

In a story, everything that a character performs can be an action, which can

be categorised into three primary types according to McKee (2016): 1) Non-verbal

physical actions, such as body languages; 2) Mental actions: The thoughts in the

characters' minds, which may a�ect their other types of actions; 3) Verbal actions:

simply the speech or the dialogue1. Among all these types of narrative actions, we

1Apart from these three types, Chatman (1978) also mentioned perceptions and sensations, which
might be summarised into the type of the general feelings.
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found speech is most interesting one and common one, as it is the one involved in more

than one characters. Like the novelist Elizabeth Bowen commented, �Dialogue is what

characters do to one another.� In the following of this thesis, we will focus on

the verbal action, more speci�cally, dialogue, as well as investigate dialogue

generation in narrative stories. By brie�y introducing the concepts of story,

event, and action, we establish a general context and theoretical foundation

for our research.

As a common type of action in narrating events in stories, dialogue can take place

in both real world as well as in �ctional world, which is created by artists in general

sense, such as painter or author. And dialogue features similarly in terms of forms

of representation and in these two worlds. This is to say that dialogue is an action

for exchanging information verbally between more than one individual. However, in

academic views of narratives (McKee, 1997), computational linguistics (Serban et al.,

2018), and �lm industry (Berliner, 1999), there exist acknowledgement that in the

�ctional world, dialogue di�ers crucially from that in the real world, in the aspect of

how it is produced in two worlds. According to them, the one in real world is taken

place naturally and real-time between people, while the other is created intentionally

to mimic the former one and has narrative directions. Therefore, in this thesis, we

speci�cally call the one spoken by the real human being in the real world �conversation�,

and call the one created manually by human hands �dialogue�, as McKee (1997) pointed

out, �Dialogue is not conversation.� .

Apart from action, character is an another key element in story, no matter from

which direction these two elements are related to each other, where Propp (1968)

considered the character is subordinated to action, whereas Greimas (1966) proposed

an inverse view. Because as Chatman (1978) mentioned, an action is supposed to be

executed by or to a�ect character(s), which can also be viewed as a non-verbal or

pre-verbal abstraction (Rimmon-Kenan, 1983), or a counterpart of action. In a story,

a character is not just a name symbol, but a personi�ed individual entails human-
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like properties, such as enduring personality traits, relationships, emotions, and so

on (Herman et al., 2010; McKee, 1997, 2016; Young, Ware, Cassell and Robertson,

2013).In this thesis, on the basis of dialogue generation in narrative stories,

we investigate the impacts that the characters with di�erent attributes make

on the dialogue generation in the �ctional world.

When a dialogue action2 is realised and conducted in the form of the dialogue in the

creative �ctional world, it is actually transmitted from an abstracted narrative action

in the storyscope to a representational expression in thediscoursescope by a certain

mean. More speci�cally, a dialogue action could be realised textually as part of a novel,

or verbally in a theatre play, or a �lm. This transmission process can be called medium

of narrative (Ryan et al., 2004) according to � Webster's Dictionary �, which refers to

�A channel or system of communication, information, or entertainment� and �Material or

technical means of artistic expression�. Also, Rimmon-Kenan (1983) pointed out that

the discourseis a medium-dependent process. Referring to the taxonomy of Ryan et al.

(2004), a story can be transmitted into di�erent discourses through singular or multiple

media channels, which could be linguistic, acoustic, and visual from the perspective of

sensory dimensions. We also consider that the category of linguistic could be further

split into textual and verbal. In this document, two (narrative-based) multiple media

channels are selected as our speci�c research context: �lms and video games. This

is due to the fact that dialogues play an important role in unfolding the story and

revealing characters (Nelmes, 2011) under the writer's point of view.

In narrative �lms3, dialogue is an essential element that serves 9 purposes from

the perspectives of communication and aesthetics (Kozlo�, 2000). Character revelation

is an important one among these purposes, as Crothers (2016) says, �It (Dialogue)

conveys so much in a few words ... with it can make the audience know the depths of

2An abstraction consists of speech act and dialogue states. See more in Chapter 3.
3Compared with narrative �lms, a signi�cant di�erence of narrative video games is that they

contain interactive module for users to alter elements in stories, e.g. the order of events. However, it is
still reasonable to treat them as our context similarly as they basically share stories, characters, and
manifestations.
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his (the character's) being�. For example, in a dialogue excerpt shown below of the

�lm Inception4, protagonist Cobb is furious with an uncontrolled situation where his

teammate Arthur has not perfectly done his research job, which is likely to cause an

unexpected attack of enemies.

arthur : Calm down.

cobb : Don't tell me to calm down - you were meant to check Fischer's background

thoroughly. You can't make this kind of mistake - we're not prepared for this

kind of violence-

The excerpt above contains a series of negative statements that reveal Cobb's

high expectation, anger and disappointment towards his teammate, as well as his con-

cern about the probable attack.Therefore, we set narrative �lm, an appropriate

narrative medium, as the more speci�c context of this research, where hu-

man creators represent stories, as well as reveal characters' attributes using

dialogues.

Traditionally, human people create and express stories through various media as

previously mentioned, which is accomplished with human intelligence. While this

procedure can also be ranged from computer-aided to theoretically fully computerised.

According to Herman (1998), one of the goals that computational approaches to textual

narrative pursue is the modelling of narrative intelligence, which focuses on the

processes by which narratives are generated.Narrative systemsare a tool supporting

the generation of narratives from narrative representations using computational

mechanisms/algorithms/solutions. A narrative comprises of a story and its discourse.

A narrative system usually includes two major procedural steps for generating a

narrative:story generation, automatically creating narrative elements and plans, and

text realisation, transforming narrative structures into actual text (e.g. from dialogue

action to each utterance in a dialogue).

4Inception, 2010, directed by Christopher Nolan.
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However, Gatt and Krahmer (2018) and Gervás (2010) imply that narrative systems

are inclined to put more emphasis on story generation, than on (text) realisation.

Considering existing narrative systems (Cavazza et al., 2002; Mateas and Stern, 2003;

Matthews et al., 2017; Porteous et al., 2010b, 2013), it is not di�cult to �nd that these

systems make a heavy e�ort to generate consistent and reasonable narrative structures,

but have less capability to convert the stories into natural language for human readers.

Also, even for the narrative systems with the ability to generate discourse, the process

of realising the planned plot with narrative events and other elements into text is

achieved by exhaustive pre-de�ned semantic lexical grammars (Callaway and Lester,

2002; Cavazza and Charles, 2005)(e.g. Tree-adjoining grammars (Joshi and Schabes,

1997)), or by an ontology of templates and operators (Cheong and Young, 2015; Gervás

et al., 2004; Pizzi et al., 2007). Such an approach su�ers from the problems of scalability

and e�ciency, as well as the �authoring bottleneck� (Lin, 2016; Mateas, 2007). These

limitations could, to some extents, explain the fact that less consideration has been

put into text realisation in narratives, even though it is an important step in narra-

tive generation. These are likely to be linked to the limitations in natural language

generation. In the very recent years, with the rapidly improving performance of com-

puter hardware, large scale stochastic computation, or deep learning approaches using

non-linear neural network architectures have revived its popularity by succeeding as

new solutions in broad natural language processing: e.g. machine translation (Cho

et al., 2014; Sutskever et al., 2014), language modelling (Devlin et al., 2019; Mikolov,

Chen, Corrado and Dean, 2013; Mikolov et al., 2011; Pennington et al., 2014; Radford

et al., 2018), response generation (Sordoni et al., 2015; Wen et al., 2015; Yan et al., 2017;

Zhang et al., 2020), etc.. They have also allowed to replace the previously dominating

linear model based machine learning approaches.

Among these sub-topics in natural language processing (NLP), natural language

generation (NLG), or more speci�cally dialogue generation, is the core problem in
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traditional dialogue system5 (Serban et al., 2018). While for the neural network based

end-to-end dialogue system, which has a vague component division, NLG even can

be treated as the only component of this kind of dialogue system.Regarding the

insu�ciency of ability of the text generation in narrative systems, in this the-

sis, we consider to leverage the technique of end-to-end dialogue generation

based on neural networks to improve this situation.

TheEncoder-Decoder framework(Sutskever et al., 2014) is an in�uential architec-

tures mostly leveraged for dialogue generation, which is also a sequence-to-sequence

(seq2seq) task like machine translation. Based upon the Encoder-Decoder frame-

work, various improvements with some optimistic methods such as attention mecha-

nism (Vaswani et al., 2017) are witnessed in dialogue generation. However, only to

generate a grammatically correct and short-term semantically consistent response in

dialogue is not su�cient for imitating real utterances spoken by human beings. In

the real world, people express similar information by di�erent linguistic choices, with

di�erent emotions or sentiments, as well as in di�erent styles. Therefore, how to make

the generated dialogues with more variety, with more consistency, and with more style

become the research points. Conditional dialogue generation is an advanced �eld in

dialogue generation, which focuses on generating stylistic dialogues by incorporating

various additional information along with normal textual information (e.g. dialogue

history). To achieve this purpose, most existing works incorporate speaker related

additional information, such as speaker pro�le (Li et al., 2016; Zheng et al., 2020),

sentiment or emotions (Ficler and Goldberg, 2017; Ghosh et al., 2017), and tense (Hu

et al., 2017). By controlling this additional information, the generated dialogues are

supposed to re�ect or present a certain state linguistically which corresponds to the

target additional condition(s), as well as to improve the linguistic performance on

some aspects, such as semantic consistency.

5A traditional dialogue system incorporates the following components normally: Automatic Speech
Recognition, Natural Language Understanding, Dialogue State Tracking, Dialogue Response Action
Selection, Natural Language Generation, and Speech Synthesis (See Chapter 3).
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During investigating this additional information which is incorporated usually in

conditional dialogue generation, we observe that most research only consider local

features (Colombo et al., 2019; Li et al., 2016), i.e. features pertaining to individual

sentences a�ecting expression alteration in the scope of each individual sentence.

However, it is necessary to use higher-level knowledge for generating narrative-based

dialogues, which represent the authorial intent and provide consistency over the story

generated.

1.1 Research Questions

Thus, in this thesis, we intend to investigate the potential and impact of stylis-

tic conditional dialogue generation in the context of narrative stories based

on character personality which derived from narrative �lms, by leveraging

the technique of deep learning. It is feasible to obtain rich structured discourse

information in narrative-based �lm screenplays rather than other narrative text (Jhala,

2008; Winer and Young, 2017). Also, the advanced pre-trained transformer-based

language models are capable to provide the ability for generating sensible grammati-

cally correct text. Considering all the investigation aforementioned, we conclude our

motivations based on current limitations as follows:

1. Narrative system is limited to realise a story from structured plots to text in

natural language.

2. Deep learning is an advanced and e�cient technique to generate conditional

dialogue by adding various additional information. However, the in�uence on

the generated dialogues of additional information from the authorial aspect

has not been su�ciently explored.

Our research uses a neural language model along with features extracted from

screenplays to answer the following research questions:
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1. How to re�ect authorial intentions on characters' personalities from narratives

and how to incorporate them into deep neural networks?

2. What are the in�uences on dialogue generation by adding di�erent characters'

personalities derived from narratives using deep learning techniques?

3. What are the di�erences on dialogue generation of the in�uence by using

di�erent embedding methods and datasets for characters' personalities?

We believe our research could contribute to both narrative community and natural

language generation community from the following aspects:

1. An approach for generating conditional dialogues by utilising Big-Five model

based personality traits from �lm screenplays. Our approach based on three

embedding methods can generate varied dialogues which are able to re�ect

selected target personality traits.

2. Experiments and detailed analysis of the impact of personality combinations,

levels of personality, and embedding methods on the performance of the dia-

logue generation.

3. A well parsed, segmented, and labelled dataset from IMSDb6, which contains

dialogues in screenplays, characters, scenes and corresponding personalities.

1.2 Thesis Structure

The structure of this thesis document is as follows. Chapter 2 discusses related work

on computational narrative, narrative system, and visual narrative productions (e.g.

�lm). In Chapter 3, we discuss related work on dialogue generation, neural dialogue

generation, and language model. In Chapter 4, we introduce the details of our approach,

including the selection of a proper personality model, the representation of characters'

personalities based on he selected personality model, and the ways to incorporate

6TheInternetMovieScript Database
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characters' personalities into neural networks as well as the adapted language model.

We also report results of automatic evaluation and analysis of the observations from

the results in Chapter 5. And the results and analysis of human evaluations with

user studies are presented in Chapter 6 and Chapter 7. In the �nal chapter, we make

conclusions regarding all the results and observations, as well as discuss the limitations

and future envisions.



Chapter 2

Literature Review of Narratives

In the next two chapters, we will explore research works which are related to both

narratives and dialogue generation. Each topic is intrinsically intertwined, but they

need to be presented separately as well, or at least from a di�erent emphasis, which

is the reason for the two main literature review chapters. In this chapter, where

narratives are the focus, we will explore two sub-topics ofcomputational narratives

andvisual narrative media.

In the �rst sub-section, we will discuss the research works that relate to computa-

tional narrative generation, within which plan-based narrative systems and narrative

systems using neural networks will be discussed. For the di�erent types of narrative

system, we intend to discuss these related works by the two stages of procedure in

narrative generation, which are story generation and text realisation.

In the second sub-section, we will discuss visual narrative media, including narra-

tive �lms and narrative video games. Particularly, the relation between character and

these two media, as well as dialogues in narrative media. The investigation on this

sub-topic provides the research context of this document.

Investigating and discussing these sub-topics, we are able to provide a better

theoretical foundation on the use of characters in narratives, as an essential narrative

element, as well as be able to observe the gaps that exist in computational narratives.
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2.1 Computational Narrative Generation

We structure this section by the category of the existing computational narrative sys-

tems according to their techniques: non-neural narrative systems and neural narrative

systems. Within each category, we will introduce them following the stages of narra-

tive generation: story generation and text realisation.The goal of this section is to

identify the limitations regarding existing narrative systems, which leads to

the motivations.

2.1.1 Non-Neural Narrative System

Story Generation

The planning system in Arti�cial Intelligence (AI) is used to produce plans to solve

problems. Planning problems are composed of an initial state, a goal state, and a

set of potential actions which can be executed. Planning algorithms are designed to

construct a solution plan, which is a sequence of actions which allow to resolve the

de�ned planning problem, achieving the goal state from the given initial state.

As narrative theorists (Bal and Van Boheemen, 2009; Chatman, 1978; Rimmon-

Kenan, 1983) formalised a story as a sequence of narrative events linked with each

other causally and temporally, this conceptual formal nature of the progress of stories

was considered as a foundation, which is to apply AI planning method to generate

narratives computationally (Young, 2000) Since them, researchers started to view the

generation of narrative as a planning problem or process (Lebowitz, 1985; Porteous

et al., 2010a; Riedl and Young, 2010). By applying planning algorithm in narrative

generation, storytellers are free to add a action to a story plan for providing more

automation (Kybartas and Bidarra, 2016), as well as reasoning about multiple narrative

goals in a story rather than a single goal (Young, Ware, Cassell and Robertson, 2013), as
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traditional template-based (Concepción et al., 2018) and grammar-based (Pemberton,

1989) story generation approaches do.

One essential advantage of planning approach from which story generation can

bene�t is that it provides potential and feasibility to create highly branching story

with little e�ort (Young, Ware, Cassell and Robertson, 2013). Branching stories are

represented as directed graphs, within which the nodes represent the events or scenes

and arcs denote decisions (Riedl and Young, 2006). Therefore, this allows participants

to interact with the story by making di�erent event decisions and unfold di�erent

story branches.

To achieve this goal of story generation, Hierarchical Task Networks (HTN) (Nau

et al., 1998) is a planning strategy that decomposes a high-level task or goal into a

sequence of multiple smaller sub-tasks (actions) until primitive ones. By executing

these primitive actions directly, the original story goal can be accomplished. There

are many plan-based narrative systems apply HTN planning strategy (Cavazza et al.,

2002; Skorupski et al., 2007; Skorupski and Mateas, 2010).

Cavazza et al. (2002) propose a character-based system using HTN planning to

generate the branching stories. Once the states of objects in the story world are

changed by user participants or other characters (e.g. a box of chocolate or other items

are picked up by a character), the planner is able to do re-planning by searching for

other event branches due to the change of the world. With this interaction between

the user and the story, di�erent events occur and story branches are supposed to be

progressed by re-planning.

Apart from generating stories with variety by interacting with branching events,

we also notice that plan-based systems are able to provide story diversity through re-

planning by altering the attributes of some narrative elements in the sense of existent,

particularly character.

Porteous et al. (2010b) present an interactive narrative system in the context of

Shakespeare'sMerchant of Venice. In this system, the planner is able to conduct plot
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re-planning whenever a character's di�erent point of view (PoV) is switched by user

interaction. For example, when the PoV is changed to a victim perspective from a

neutral one, the event with more emotional accusation would be selected to match

this character's victim identity.

Another work introduced by Porteous et al. (2013) uses a classi�cation of character

social relationships with three major categories (a�ective, romantic, and default - each

of them contain di�erent sub-levels of relationships.) to a�ect the story planning

process. Before the story planning process, changes in these relationships between

certain two characters can be made by user interaction as an initial planning state.

Then these changes impact the selection of narrative actions, leading to di�erent story

goals that correspond to social network con�gurations and previous actions.

Pizzi et al. (2007) introduce a narrative system based on a standard planner called

Heuristic Search Planner (HSP). Their system is integrated with a natural language

input for users to update characters' beliefs and emotional states. In this way, the

selection of the narrative action can be in�uenced during story progress. On top of this

system, Peinado et al. (2008) apply a cognitive additional layer for modelling intelligent

characters using Belief-Desire-Intention (BDI) theory, by which the narrative causality

can be reinforced.

The research above demonstrate that AI planning can be used to generate branching

stories with variety in terms of making narrative event decisions and altering attributes

of narrative elements with interaction. In the next sub-section, we will introduce

existing approaches for realising these stories and then discuss the limitations of these

systems.

There are also some works that use case-based reasoning (CBR) approach for story

generation (Gervás et al., 2004; PÉrez and Sharples, 2001; Swanson and Gordon, 2012).

For example, in the CBR system of Gervás et al. (2004), the information of user queries

(e.g. characters, places, Propp functions) is used to retrieve the cases depending on

Propp morphology and available characters from a selection of stories from Afanasiev
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compilation used by Propp. Then plot-unit template in each retrieved case will be

partially complemented with the information of the query, an ontology of explicitly

declared relevant knowledge, and other cases. By such CBR process, believable plot

plans can be generated from di�erent perspectives with empirical knowledge.

Text Realisation

Normally plan-based narrative systems (Cavazza et al., 2002, 2009; Mateas and Stern,

2003) include multiple media (e.g. visual, textual) to realise and represent planned

stories. In this and following sections, text realisation in plan-based narrative systems

is to be discussed particularly as the context of this thesis set.

We observe that many plan-based narrative systems make more e�ort on story

generation rather than text realisation, which is the process through which the planned

story can be converted into text in natural language. This observation is also implied

in the works of Gatt and Krahmer (2018), Gervás (2010). Therefore, we intend to

investigate some NLG approaches used in narrative generation systems.

Some narrative systems apply pre-de�ned semantic lexical grammars to achieve

this process. For example, Joshi and Schabes (1997) de�ned a grammar formalism

called Tree-Adjoining Grammar (TAG), in which each node of a tree structure is

associated with a lexical item1. These structural lexical items then can be realised into

actual text by operations, such as substitution . For example, in a simple tree structure

of TAG shown in 2.1 for sentence �John likes Mary� in natural language, NP, VP, and

V denote grammatical categories Noun phrase, Verb phrase, and Verb respectively.

And an operation of substitution is to replace a non-terminal leaf with another tree

that has the same grammatical label, i.e. to replace current NP (�Mary�) with another

NP (�the girl�, where �Det� denotes Determiners)

Cavazza and Charles (2005) leverage this lexicalised grammar to realise the gen-

eration of semantic contents into utterances in dialogue with di�erent a�nities and

1also calledPart of Speech(POS) in NLP.



2.1 Computational Narrative Generation 16

Fig. 2.1An example of the substitution operation in TAG.

modalities of expression. Callaway and Lester (2002) used another grammar called

FUF2/SURGE3 (Elhadad, 1993) to convert sentence structures into surface sentence

string.

Some other narrative systems follow NLG process based on an ontology of tem-

plates and operators rather than a full grammar (Cheong and Young, 2015; Gervás

et al., 2004; Pizzi et al., 2007). Gervás et al. (2004) use templates to provide verbs

(e.g. from Propp (1968)'s character functions) as well as other parts, resulting in �nal

surface text from CBR plot plans.

Besides, some other works alter discourses with di�erent linguistic phenomena on

surface text level. Bowden et al. (2016) present a Monolog-to-Dialog (M2D) generation

architecture to convert a deep representation of story into di�erent versions of a

two-speaker dialogue using a parameterisable framework. This paper uses various

parameters of linguistic phenomena (e.g. length of sentence, pronominal, repetition)

to achieve the dialogue styles for di�erent speaker voices. Rishes et al. (2013) present

a working model of reproducing di�erent tellings (dialogue or monologue) of a story

from its representation. They also propose an automatic method for converting a

representation calledstory intention graph (SIG) (Elson and McKeown, 2009) to

another called deep syntactic structures (DsyntS) (Lavoie and Rainbow, 1997). And

the DsyntS representation can be realised in to surface sentences through PERSON-

2Functional Uni�cation Formalism Interpreter.
3A Syntactic Realization Grammar for Text Generation.
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AGE (Mairesse and Walker, 2007), a NLG engine integrated with over 50 linguistic

parameters within speakers' personality dimensions.

These approaches used in non-neural narrative systems are able to represent story

plans or structures in text precisely, as well as easy to understand. However, they are

mostly based on the empirical ontology of templates and operators, which leads to

limited semantic and syntactic level representation, i.e. less ability of generation in

terms of variety.

2.1.2 Neural Narrative System

Story Generation

In NLP, deep learning technique was �rst widely applied to solve machine translation

and chatbot tasks. Progressively, more research work using deep learning for narrative

generation have reached completion in the last few years.

In machine translation and chatbot tasks, a sentence can be represented as a

sequence of word vectors. The preceding vectors are used to calculate the possibilities

of the following words and the one with the highest possibility is to be selected.

Similarly, a story also consists of a sequence of events, where the following events are

supposed to be decided by the preceding ones. Therefore, it occurs a potential to see a

story generation process as a neural language generation process, in which an event

can be viewed as an equivalent of a word vector. If this stands, then how to represent

narrative events as vectors which can be calculated by neural networks become the

key of neural story generation.

Chambers and Jurafsky (2008) developed a representation that took note of the

event/verb that occurred and the type of dependency that connected the event to

the protagonist. This could be seen as one of the examples (Chambers and Jurafsky,

2008, 2009) of early event abstraction applied in learning approaches. Follow these

works, Pichotta and Mooney (2014) proposed a 4-tuple event abstraction in the form
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verb (subject, object, prepositional), where three entities are all relation to the verb. By

encoding the pairwise entity relationships between events, the accuracy of inferred

components of the event increased. Pichotta and Mooney (2016) also present a similar

story abstraction in 5-tuple by adding preposition and use LSTM4-based neural network

to model and predict information about event abstraction.

Martin et al. (2018) also treat a sentence as a 4-tuple event representation, contain-

ing a verb, the subject of the verb, the object of the verb, and a modi�er for the other

linguistic constituents. Then they train and generate LSTM seq2seq neural network

with this representation. These works can also be viewed as a trial of combining the

planning and surface text realisation for controlling the dialogue generation using

neural networks. Also, Ammanabrolu et al. (2020), Tambwekar et al. (2019) use similar

N-tuple semantic abstractions to represent events, which are then passed into seq2seq

model to predict next event.

As mentioned before, the character is one of the most important elements in a

story. Therefore, it is natural to consider achieving a story generation task from the

perspective of the character. Liu et al. (2020) proposed a character-centric neural

storytelling model, which explicitly encodes characters in distributed embeddings to

guide the story generation. In this model, the story is generated sentence by sentence

controlled by the context environment and the character embedding, which is trained

on the corpus of movie plot summaries extracted from Wikipedia.

Some other story generation approaches model the story by structuring the sen-

tence text from the perspective of linguistic. They design representations for stories by

abstracting over linguistic constituents for each sentence. Fan et al. (2019) decompose

a story into a sequence of action plans (verbs) and placeholder entities, which are

supposed to be replaced by actual references during generation.

4LongShort-TermMemory (Hochreiter and Schmidhuber, 1997)
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Text Realisation

Since deep learning technique started �ourishing, dialogue system is developing

towards the end-to-end direction, which is to omit some components like dialogue

state tracking, response action selection but keep NLG. Like dialogue systems, narrative

systems using deep learning technique are in the similar progressing trend. Because of

this trend, the �story� in story generation using deep learning is more likely denoted

the actual textual sentences in stories rather than just the representations of event and

existent according to traditional narrative theories. Therefore, in this sub-section, we

will not just introduce ones inspired by the narrative process in traditional plan-based

narrative systems, but also consider others that generate textual story more directly.

The works inspired by traditional plan-based narrative system follow the its pro-

cess, which is generating event sequence �rst and then converting each event into

sentence(s). As we introduced in the last sub-section, those approaches, which gen-

erate events based on preceding n-tuple event abstraction using neural networks,

translate these generated event into actual sentences afterwards (Ammanabrolu et al.,

2020; Martin et al., 2018; Tambwekar et al., 2019). For example, Martin et al. (2018)

trained a neural network called event2sentence on a parallel corpora of sentences

from a story corpus and the corresponding events.

Jain et al. (2017) use a compromised end-to-end strategy to generate story text

using neural networks. they use several a sequence of independent short textual

descriptions (sentences) describing a scene or event as the input for a LSTM-basd

seq2seq model, and then the outputs are comprehensive story-like summaries.

The promising textually generative ability of large-scale pre-trained language

models (See more in Section 3.2.2) attract researcher to apply them for neural story

generation. See et al. (2019) conducted a study to show that GPT-2 (Radford et al., 2019)

has better performance than the state-of-the-art neural story generation model (Fan

et al., 2018) at that time. Guan et al. (2020) proposed to utilise commonsense knowledge
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from external knowledge base to generate stories using pre-trained language model.

By doing this, they improved the issues su�ered with the original GPT-2, which are

repetition, logic con�icts, and lack of long-range coherence.

2.1.3 Discussions

Kybartas and Bidarra (2016) follow the narrative theory provided by Chatman (1978)

and other structuralists to divide story intoplot andspace5. Referred to this structural

division, they introduce a typology of non-neural narrative systems in terms of the

degree of both plot and space automation, which are with �ve degrees respectively,

from manual to automated. According to their typology table, we notice that most

non-neural narrative systems intend to investigate automated plot generation rather

than automated space generation. And they pointed out that there is �no intent� to

creatively modify the existing story world. This indicates that 1) the lack of variation

of the narrative existents (e.g. characters) in non-neural narrative generation.

Some works (Gatt and Krahmer, 2018; Gervás, 2010) also implied, compared to the

plot generation, the text realisation is not the main consideration for non-neural nar-

rative systems. Cavazza and Charles (2005) also note that �most interactive storytelling

systems are still missing the ability to generate dialogues between characters�. Therefore,

there are two more limitations of text realisation that occur in plan-based narrative

generation works: 2) The text realisation stage is highly dependent on the generated

plans, which means the variations of the narrative discourse mainly are completed in

the narrative planning stage. In this way, it is di�cult to alter the discourse in text

dynamically according to the changes of narrative elements. 3) The lexication in the

text realisation stage is based on the empirical ontology of templates and operators,

which leads to limited semantic and syntactic level representation, i.e. less ability of

generation.

5In Chatman's theory, these two concepts are calledeventandexistentas mentioned in Chapter 1.



2.2 Visual Narratives Media 21

Deep learning techniques support neural narrative systems to generate story plots

and realise them into text without templates and operators, which provides variety of

the generations and reduces human expertise requirements. However, like non-neural

narrative systems, so far neural narrative systems also tend to focus on plot or story

structure generation, making e�ort to improve causality between events. And their

processes of text realisation are based on the event abstractions on the plot aspect,

while the functions of existents are less incorporated yet, and the ability of generation

of advanced NLG techniques using pre-trained language models in neural narrative

systems has yet been su�ciently investigated.

2.2 Visual Narratives Media

In this section, we intend to introduce some visual narrative media, particularly

narrative �lms and narrative video games, as well as the character and dialogue in

them.The goal of this section is to introduce the context and research object

of this thesis research.

2.2.1 A Brief History

Telling stories is one of the instincts of human people, which happens over time in

human history, and in daily life every moment. Enormous works ofnarrative content

are created across di�erent cultures and the world. Comparing with the oldest ancient

narrative art on rocks dating back 30,000 years in Africa (The British Museum, 2019)

or 44,000 years ago in Indonesia (The Washington Post, 2019) , nowadays people are

able to create stories and present them through much more various high-tech media,

such as 3D �lms, video games, and virtual reality.
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According to Dehejia (Dehejia, 1990) and other literature (Damiano and Lieto, 2013;

Meister and Schernus, 2011; Small, 1999), a consensus exists that some distinct modes6

(or types) of visual narration categorised by the characteristics of the ways where

artists choose to represent the space and shape time within their narrative artworks.

Due to the limitations of technology and/or the underdevelopment of language,

most ancient or traditional visual narrative contents were created with a single certain

mode or a single medium (e.g. pictorial, sculptural, literal, oral). Before the literacy

era, many rock paintings only contain simple graphical elements, such as lines and

dots, or multiple abstract symbols for presenting stories, which caused di�culties to

determine the sequential order among these overlapped story events. This narrative

mode is calledsimultaneous narrativediscussed by Petersen (2010) regarding to its

features. Also, without the aid of writing or recording, the cultural information and

interpretation of narrative art have to be passed on from one generation and the next

verbally in preliterate societies.

The emergence of literacy, as well as rapidly advancing new technologies, have

signi�cantly expanded the development of the visual narrative. Filming and cutting

technology allows storytellers to narrative a series of events with various structures

(e.g. linear, �ashback, montage) in a single frame continuously, rather than merely

present events in a certain narrative mode (e.g. sequential mode, continuous mode)

with a �xed order as most static graphic narrative contents, like fresco and comic

books. Apart from the impact of the development of technology, literacy, or language

more speci�cally, also provides another dimension of information, either in text or

in voice, for storytellers to establish more complex visual narrative content. By the

means of these two developments, artists and authors are able to make more creative

and various visual narrative contents, which are also more concrete but less relied on

the interpretation of the audience.

6Considering the goal of this section is not to discuss the features of these various narrative
modes, here I only list these modes as following: monoscenic, continuous, synoptic, sequential/linear,
panoramic/narrative network, progressive, and simultaneous mode.
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2.2.2 Narrative Films

Film is a visual medium.

� Alexander Steele, inWriting Movies: The Practical Guide to Creating

Stellar Screenplays(Steele et al., 2006)

The stories we love best do live in us forever. So whether you come back by

page or by the big screen, Hogwarts will always be there to welcome you

home.

� J.K. Rowling, the author ofHarry PotterSeries

Since Lumière brothers screened the mostly acknowledged �rst �lm7 in 1895,

narrative �lms became one of the most dominant and important media that are utilised

to tell stories. The record of the worldwide highest-grossing �lms by year have soared

up from 4 million US dollar8 in 1929, the �rst year of the Academy Awards, to 2.8

billion US dollars9 in 2019 (Wikipedia, 2021)10.

Characters in Narrative Films

I think the best stories always end up being about the people rather than the

event, which is to say character-driven.

� Stephen King, in On Writing: A Memoir of the Craft(King, 2000)

In contrast to the non-narrative �lm, as a form of art or experimental oriented rather

than entertaining oriented, which usually contains non-representational elements,

in narrative �lms, the relations between the shots and/or between the elements of
7La Sortie de l'usine Lumière à Lyon, literally, "the exit from the Lumière factory in Lyon", or, under

its more common English title,Workers Leaving the Lumiere Factory.
8The Broadway Melody, 1929, directed by Harry Beaumont.
9Avengers: Endgame, 2019, directed by Russo Brothers.

10The reason the stats only traced back to 2019 is that, due to Covid-19 Pandemic, the cinematic
industry has been impacted catastrophically since early 2020 across the world. The highest-grossing
�lm in 2020 is The Eight Hundredwith 400 million US dollar box o�ce.
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the image are supposed to be perceived, such as temporal, sequential, or cause-and-

e�ect (Aumont, 1992) . This is to say that in narrative �lms, the narrative information,

or the story itself, is stored in and represented by the relations of the elements. Among

the multiple elements (Young, Ware, Cassell and Robertson, 2013) in a story, McKee

(1997) points out particularly that character is a central and essentialsubstancefor a

story, no matter it is singular-protagonist or plural-protagonist. He describes it with

an analogy �far more profound than mere words beats at the heart of a story�. In other

words, a story is driven by the characters, as well as the relations among characters. By

creating characters on the screen, the intentions of the authors are able to convey; By

watching characters on the screen, the audience is able to get resonated in their hearts.

It is characters that start a story and progress the storyline, cause events happening

and resolute events ending, re�ect authors' intentions and bond the story with the

audience (Bordwell et al., 2020).

As a narrative text format for representing a story, screenplay, or �lm script is

special because it contains more structured discourse information (Herman et al.,

2010; Jhala and Young, 2010; Papalampidi et al., 2020; Winer and Young, 2017) than

other narrative texts such as news stories (Chambers and Jurafsky, 2008) or fables.

In a screenplay, scriptwriters follow a standardised and rigid format (Riley, 2009) to

compose its elements (e.g. dialogues, staging directions). Among these elements, other

than a few short headings and transitions that are less related to characters, most of

the elements are strongly relating to characters, including what and how a character

speaks out (dialogues), as well as what and how a character acts and thinks about

(actions, parenthetical directions).

2.2.3 Narrative Video Games

Unlike some formalised video games (such as sports games) which challenge players'

reactions, operations, and strategies in a play�eld, narrative-based video games provide
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Fig. 2.2An example of screenplay excerpt inInception, 2010, directed by Christopher Nolan.

players with engaging scenes to participate, interact, and experience in a �ctional

world inspired by the real world. This kind of theoretical distinction is mostly a

consensus in the community of game producers (Ryan, 2006). To some extent, they

are more like �lms rather than video games.

Ludologists usually do not tend to regard computer video games only as games

but not as narratives. For example, Juul and Ping-ping (2010) and Eskelinen (2001)

argued that the rearrangement of events in games is not allowed: �Games almost never

perform basic narrative operations like �ashback and �ash forward�. However, as there

are more cinematic cut scenes with non-chronological order in narrative �lms (e.g.

Memento11 andTenet12), it also exists in video games, such asLife is Strange13. In Life is

Strange, players are assigned the ability to let the protagonist Maxine Caul�eld rewind

time, undo any of her actions, and provide replay value to the game. For example, the

player can rewind after examining an object or having a particular conversation, in

order to use that new information on Max's bene�t in the game. The time rewinding

11Memento, 2000, directed by Christopher Nolan.
12Tenet, 2020, directed by Christopher Nolan.
13Life is Strange, developed by DONTNOD Entertainment and published by Square Enix.
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can either be forced for progressing the storyline (such as Maxine can only �nd the

way to prevent her friend Chloe to be killed in the bathroom after rewind time) or be

optional for additional achievements (such as collecting photos).

Fig. 2.3The relationships between main characters inLife is Strange.

Characters in Narrative Video Games

As in narrative �lms, the character(s), whether the one we play as or the ones we

interact with, is also an important element of telling stories and evoking an emotional

response in the video game world. Adams (2014) points out a good character in a video

game should be designed to be competently constructed, credible, and easily identi�ed.

Apart from the last goal that is towards business consideration, the �rst two goals are

regarding game quality consideration, and Adams (2014) also mentioned that compared

with past video games, which limited characters' attributes to physical details, recent

games �have made an e�ort to model social relationship and emotional states�. These

e�orts, including the design of characters' personalities and language, are important
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to help make a character more believable, as well as make a game more appealing. In

Life is Strange, the relationships (Figure 2.3) among characters are designed around

protagonist Maxine, and the degree of advancement in which is mostly up to Maxine's

(players') choices. Also, in di�erent stages of these relationships, the usage of the

language varies in order to re�ect characters' personalities and emotions accordingly.

2.2.4 Dialogues in Visual Narrative Media

Although in such visual visual narrative media, it is capable or recommended to convey

information visually as much as possible using actions, shots, focuses, customs, and

settings, there still exists much essential and subtle information that can subtle be

conveyed by dialogues as German-born American political theorist Arendt (1968)

writes, �We humanize what is going on in the world and ourselves only by speaking of it,

and in the course of speaking of it we learn to be human�. And to the most extent, this

kind of information is about the realisation of designed stories and characters.

However,dialoguein narrative products should never be treated as equal asconver-

sationin real life, ascharacteris di�erent from human being. The dialogues in narrative

products have their own characteristics that are distinct from real conversations. Both

McKee (1997) and Kozlo� (2000) agree that the core di�erence between these two

is that screen dialogue at the bottom is always an imitation of natural conversation,

regardless they could be both spoken in the same language, or both followed by the

same grammar and syntax. Because the screen dialogue is �scripted, written and rewrit-

ten, censored, polished, rehearsed, and performed� (Kozlo�, 2000), while the real natural

conversation is �full of awkward pauses, poor word choices and phrasing, non-sequiturs,

pointless repetitions� (McKee, 1997). One step further, the natures of them bring out

another functional di�erence between them, which is screen dialogue serves as a

bridge for linking creators and spectators, even it is performed by characters. On the
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contrary, the natural conversation is for establishing and developing relationships

between speakers.

Functions of Dialogue in Narrative Media

During the development of the audible and visual narrative-based entertainment

content, the functions of dialogue have been kept tweaking for complying with cultural

fashion and popular genres of content in some certain eras. However, there are still

some principal functions centred in these creative and imitative dialogues for narrative.

According to Bednarek (2017) and Kozlo� (2000), the functions can be categorised into

two classes, the ones fundamentally involved in the communication of the narrative:

1. Anchorage of the diegesis and characters

2. Communication of narrative causality

3. Enactment of narrative events

4. Control of viewer evaluation and emotions

5. Character revelation (including character traits and character relation-

ships)

6. Adherence to the code of realism

and the ones relate to aesthetic e�ect, ideological persuasion, commercial appeal:

1. Exploitation of the resources of language

2. Thematic messages/authorial commentary/allegory

3. Opportunities for star turns

In the following chapters of this document, the functions in bold are the targets to

be discussed, analysed, and experimented.



Chapter 3

Literature Review of Dialogue

Generation

In this section, we introduce the related works from both conceptual and technical

perspective of dialogue generation to discover and discuss the junction point between

narratives and text realisation.

From the conceptual perspective, we will �rst introduce traditional dialogue gener-

ation approaches and systems, which are mostly used for basic task-oriented purposes.

Furthermore, we investigate various routes, i.e. conditional dialogue generation ap-

proaches, through which dialogues can be enriched with reach higher-level goals,

resulting in more variety and styles of the content of dialogues.

Secondly, we investigate dialogue generation from the technical perspective. In

this sub-section, we will introduce the applications of deep learning techniques in

dialogue generation, along with the pre-trained language models and datasets.
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Fig. 3.1A normal spoken dialogue system work�ow (Figure from Serban et al. (2018)).

3.1 Dialogue Generation - Conceptual

3.1.1 Traditional Dialogue Generation

Traditionally, dialogue systems are designed and deployed in call centre applica-

tion (Young, Ga²i¢, Thomson and Williams, 2013) to reduce the workload of human

operators and overall costs. Most of these systems are also called task-oriented (or

goal-driven. For example, restaurant reservation (Huang et al., 2020; Williams et al.,

2014), �ight ticket booking (Bobrow et al., 1977) dialogue systems because of their

clear and speci�c purposes, as well as have a similar work�ow, which contains several

components as Figure 3.1 shown.

It can be noticed that in Figure 3.1,Automatic Speech Recognition (ASR)and Speech

Synthesis (e.g.Text to Speech (TTS)) are two components that are designed to convert

verbal content into textual content, and vice versa. While the other four are the

major components that process text and generate responses. Therefore, the so-called

dialogue system refers to a system with these four components (Chen et al., 2017;

Serban et al., 2018) as we are only focusing on text-based dialogue systems.

Jurafsky (2000) also named dialogue system using this work�ow as a �frame-based

dialogue system� as most of task-based dialogue systems use frame-based structure.
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The dialogue system with this structure pre-de�nes one or more frames with slots

and default values for each slot. Using this structure, the processes can be clearly

abstracted and modularised for task-oriented dialogue generation. For example, in

order to process a �ight booking request from a user, the dialogue system is supposed

to recognise some necessary information, such as the name of the city (departure

and destination), the take-o� date, and take-o� time, which are set asslots. Once

recognise the user's request, the system can then select the most likely dialogue action,

a representation combined by speech act (e.g. inform, ask, con�rm), as well as the

type and value of the slot (e.g. time=19.00). To generate sentences for acquiring such

information, templates including variables that can be used. For example, �What time

do you want to depart from [CITY-DEPT]?�, such sentence is targeting to acquire the

desired time, as well as to implicitly con�rm whether the �lled slot [CITY-DEPT] is

correct. The di�culties are mostly about detecting the current states correctly and

conducting the next action correctly according to current states, while not about

generating the actual text of dialogues. Although frame-based dialogue system is able

to complete task-oriented dialogue, there are two limitations to be concerned. The

�rst is there have to be di�erent de�nitions of slots and values for di�erent tasks.

For example, the dialogue actions de�ned for restaurant reservation are not likely

to be reused for �ight booking as they need di�erent information (e.g. table size

and destination). Secondly, these systems tend to use template-based generation.

Therefore, most of the words in the sentence need to be created heavily by designers'

hands in advance.

The most important aim of these systems is to complete a certain task, which

means that to correctly understand users' requests and correctly return the information

with template-based generated sentences, of which the utterances are grammatically

correct and logical. Since the goal of these dialogue systems is only to complete tasks

and templates are leveraged, there is less necessity and ability to generate various

dialogues in di�erent formats. These systems have made the e�ort to address the
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issue for the aspect of �what to say�, i.e. to express and convey the correct content

information in terms of grammars, syntaxes, topics, etc. However, the aspect of �how

to say� is still in a rather �edgling state. In dialogue generation, this aspect is mostly

relevant to the attributes of characters (e.g. pro�les, personalities) who are the entities

and assets involved in the turns of dialogue, a�ects (e.g. emotions, sentiments), and

sometimes to the literal types (e.g. themes, genres). We will discuss the stylistic text

generation in the next section.

3.1.2 The �Style� in Dialogue Generation

The word �style� is ambiguous that can be interpreted variously in di�erent domains

and de�nitions, as well as can be evaluated in di�erent ways. There are many di�erent

aspects where the works of NLG have been focusing on over the past decades or so.

The classical understanding of the style of text is from the ancient world back to the

5th century B.C. which mostly concentrated on the rhetorical form. For example, Aris-

totle countered Plato's argument that rhetoric was mere sophistry, deceitful reasoning,

by providing a system of instruction that treated the theory and practice of style as a

valid discipline, designed to appeal simultaneously to reason and emotion (Cope and

Sandys, 2010).

In the digital image processing community, image style transfer is a long-last hot

topic. Given a normal picture that is shot by the camera, then the trained neural

network system can produce new pictures with various typical styles of a speci�c

famous artist, such as Van Gogh or Picasso, or of a speci�c drawing, such as sketch or

comic (Johnson et al., 2016). Like altering pixel information for stylistic processed im-

ages, recent NLG works also generate stylistic text by representing textual information

on various aspects.

It is natural to relate �style� in NLG to linguistic choices as the style in image

processing is re�ected with the stokes and colours. In NLG, various styles are re-
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�ected by linguistic features, which usually are referring to lexical, grammatical, or

syntactical variation. DiMarco and Hirst (1993) develop a customised vocabulary of

style by de�ning stylistic abstract and primitive elements in terms of grammatical and

syntactical functions (e.g. balance, dominance, and position for abstract elements, as

well as connective ordering and hierarchic ordering for primitive elements). They also

develop a methodology to build up a stylistic grammar for correlating these stylistic

elements with speci�c stylistic goals and de�ned rules. And then this stylistic grammar

is interpreted into text using a speci�c parser. This is an example of a generation mode

that achieves style by transiting from conceptual representation level to linguistic

level directly (McDonald and Pustejovsky, 1985).

However, what causes these various linguistic features to appear in di�erent text,

or more speci�cally, in the context of NLG for dialogue generation, i.e. what cause

stylistic dialogues, are more interesting and closer to the �style� discussed in this

document, and are also more concentrated in recent NLG world. Many researchers

consider the in�uence of speakers to be the source of dialogue style, as speakers are

the direct agents who act or conduct the dialogues. Gatt and Krahmer (2018) argue that

the main factors of speakers (individuals) behind the style variety are the personality

and feelings, which is based on whether the factors are individually stable across time

and transient every now and then respectively.

There are a lot work (Mairesse and Walker, 2007, 2010, 2011; Mairesse et al., 2007)

focusing on achieving language generation variation with �Big Five� model (John and

Srivastava, 1999) of personality traits, a standard in psychology. The authors of these

works systematically explore and analyse the correlations between nearly exhaustive

linguistic features and the 5 trait dimensions of the Big Five model (Extraversion,

Emotional stability, Agreeableness, Conscientiousness, and Openness to experience).

For example,



3.1 Dialogue Generation - Conceptual 34

1. Basically, actually, I am sure you would like Le Marais. It features friendly service

and acceptable atmosphere and it's a french, kosher and steak house place. Even

if its price is 44 dollars, it just has really good food, nice food.

2. Err... it seems to me that Le Marais isn't as bad as the others.

The utterances above are collected from Mairesse and Walker (2007) which are

generated on extravert set and introvert set respectively. As it shows, an utterance

re�ecting high extraversion might be more verbose and involve more use of expletives

(1), compared to a more introverted style, which might demonstrate more uncertainty,

for example through the use of stammering and hedging (2). So, the correlations

between each personality trait and linguistic features are built up either derived from

psycholinguistic �ndings, human judges or data-driven. And with these mappings,

the system is supposed to generate various utterances with speci�ed personality

traits by tweaking the values of parameters of linguistic features. However, the

mappings between psychological personality and linguistic features are possibly not

clear or direct. And the fact exists that these personality-based styles are di�cult to

be perceived (Oberlander and Nowson, 2006; Youyou et al., 2015).

Another mainstream is focusing on the in�uence of feeling, or emotion, or a�ects

of either speaker or listener involved in a dialogue. As the strategy of conducting

personality-based styles, various emotional states can also be used to impact linguistic

choices. The di�erence between these two categories of style is the personality of a

person is relatively stable compared with emotions and a�ects that are more transient.

To map human emotions to language features, researchers (Osgood et al., 1957; Russell,

1980, 2003) apply several in�uential factor analyses with three main dimensions,

1. dimensions of word meaning areValence (e.g. positiveness/negativeness,

pleasure/displeasure)

2. Arousal (e.g. active/passive, excitement/calmness)

3. Dominance (e.g. dominant/submissive, powerfulness/weakness)
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which are usually called VAD lexicons. Colombo et al. (2019) use both categorical

representation and continuous representation in a VAD space to model six basic

emotions1 proposed by Ekman et al. (1983), as well as apply this a�ect model to

a GRU-based RNN2 neural dialogue system to generate a�ect-stylistic responses

according to the desired four emotions out of six. Buechel et al. (2020) introduce a

methodology for creating almost arbitrarily large emotional lexicons for any target

language, which aims to break the bottleneck that manually built-up lexicons contain

limited lexical units and feature limit emotional variables. Huang et al. (2018) trained

an LSTM-based emotional classi�er for 9 emotions, which were used on a seq2seq

dialogue system to generate dialogues expressing corresponding emotions.

Also, there are many other styles of interest with which it can do bene�t to imitate

the speaking types of speci�c categories of people. For example, to distinguish old

people and young people (Hovy et al., 2020), to transfer expertise language into plate

language for layman (Cao et al., 2020).

3.1.3 Conditional Dialogue Generation

Before the propaganda of deep neural approaches, �`how to say' is often de�ned by

simple templates or hand-coded rules which de�ne appropriate word strings to be sent to a

speech synthesizer or screen.� (Lemon, 2008). Although the success of some generation

systems (Cavazza and Charles, 2005) has proved the feasibility of this approach, there

still exist limitations with this approach, of which the requirement of expertise for

designing the templates and rules is the most signi�cant one.

While since there are a few recent works about altering the style of utterances

and sentences in various ways, it is evidenced that deep learning approaches with big

datasets are promising for generating stylistic narrative dialogue.

1Anger, disgust, fear, joy, sadness, and surprise.
2RecurrentNeuralNetwork
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Wen et al. (2015) propose a semantic controlled LSTM cell by adding a dialogue

action cell to a traditional standard LSTM cell (Hochreiter and Schmidhuber, 1997).

By this model, utterances in natural language can be generated based on the dialogue

action vector representation and 12 attributes in the restaurant domain and hotel

domain.

Recently, various additional features or attributes are incorporated into deep

neural networks in order to alter or control the generated sentences, such as speaker

pro�le (Dong et al., 2017; Li et al., 2016; Zheng et al., 2020), big-�ve personality (Herzig

et al., 2017; Oraby et al., 2018; Xu et al., 2020), sentiment or emotion (Ficler and

Goldberg, 2017; Ghosh et al., 2017) and tense (Hu et al., 2017). Although these features

are not applied in narratives and they are used for altering the styles within a single

sentence, we believe these works could be good references for our research project

since we have good potential to reuse some of these features in narrative context and

extend the scope of e�ect from a single sentence to a conversation.

3.2 Dialogue Generation - Technical

As mentioned in previous parts, most computational narrative systems utilise plan-

based approaches with hand-coded rules to generate stories and discourses, which

remain beset by issues of low e�ciency, and with di�culty to scale up and limited

variety.

3.2.1 Neural Network and Dialogue System

Deep neural networks, consisting of numerous small computing units which take a

vector of input values and produce a single output value, has been a powerful technique

in the AI community in the last years. Particularly, in natural language �elds, it is

�ourishing and helping researchers reach huge achievements in many di�erent tasks,
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such as machine translation (Cho et al., 2014; Luong et al., 2015), Summarisation (Yu

et al., 2017), and Text (Dialogue) Generation (Li et al., 2016; Wen et al., 2017).

�sequence to sequence (seq2seq)� model, also called �encoder and decoder� (Fig-

ure 3.2), has proven its success in machine translation task (Bahdanau et al., 2015; Cho

et al., 2014; Sutskever et al., 2014; Vinyals and Le, 2015). In this model, an original

variable-length sentence is fed into the encoder, and is encoded into a shared vector

representation. This shared vector then is decoded into an output vector representa-

tion, which will be compared with the target vector of the target sentence, in order to

�nd the mapping between the input and output by updating the parameters in encoder

and decoder over iterations. There are two major advantages of this model. One is

that it is an end-to-end model which requires much fewer hand-crafted rules. Also, it

has the capacity to generate sentences with un�xed length.

Fig. 3.2A seq2seq model for machine translation (Figure from Zhang et al. (2021)).

On the basis of the seq2seq model, some additional mechanisms have been incor-

porated into this paradigm. For example, the attention-based mechanism has been

a standard mechanism for seq2seq, which assign more weights to parts of encoded

input vectors when predicting certain portions of the output vectors during decod-

ing (Bahdanau et al., 2015; Luong et al., 2015). Attention-based is widely used in

natural language processing/generation and has been proven e�ective (Yin et al., 2016),

because it improves the performance of processing long input sentences by leveraging

dynamic context vectors, which contain dynamic weights for input tokens, for each

decoding step with the aligned position. Compared with the plain seq2seq which uses

a stationary context vector for all decoding steps, this mechanism can help the system
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�memorise� longer sentences without �forgetting� the beginning of the sentences, as

the word �attention� denotes.

Unlike classical seq2seq, which mostly uses RNN computing unit (LSTM or GRU3)

along with attention-based mechanism, Vaswani et al. (2017) proposed a �transformer�

model which entirely built on the self-attention mechanisms without using sequence-

aligned recurrent architecture. This model solved the constraint of sequential compu-

tation that RNN owns inherently.

Although seq2seq is designed for machine translation initially, it is commonly used

for dialogue generation as well, as the processes of these two tasks are similar to each

other. Serban et al. (2016) extend the hierarchical recurrent encoder-decoder neural

network to improve the end-to-end dialogue system, which decreases the dependency

of massive hand-crafted features and unlock the restriction of the applicable domain

like the earlier works using partially observable Markov decision process (POMDP)

models (Ga²i¢ et al., 2013; Young, Ga²i¢, Thomson and Williams, 2013)

3.2.2 Pre-trained Language Model

As this thesis is about dialogue generation, the process of which can be approximately

described as predicting upcoming words from prior context. This description is also

commonly viewed as the de�nition of the conditional language model, where output

is generated by sampling tokens (normally words) from a distribution conditioned on

input features, which could be semantic, contextual, and stylistic (Gatt and Krahmer,

2018).

Word Embedding

Feedforward neural network language model (NNLM) (Bengio et al., 2003) is an early

introduced language model and is treated as a prototype of neural language models.

3GatedRecurrentUnit (Chung et al., 2014)
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However, it has some limitations, such as the need to specify a �xed sliding window as

input context, and the lack of ability to represent complex patterns. To overcome such

limitations, improved language models based on recurrent neural network (RNNLM)

were proposed (Bengio and Lecun, 2007; Mikolov et al., 2011). The key di�erence

between NNLM and RNNLM is that NNLM only takes the token vectors in the current

sliding window as the input context, while RNNLM takes the input context containing

not only the current token vector but the hidden states that includes the information

of previous time steps (i.e. from current token back to the beginning of sequence).

This modi�cation does improve the performance of RNNLM in spoken and written

language although it is di�cult to reason about (Jurafsky, 2000).

Many works focusing on language model build-up bene�t from NNLM and RNNLM,

and word embedding can be treated as a byproduct along with the whole language

model4. The trained word embedding, or the trained parameters of the encoding

layer, which like a small simple linear language model, can be reused for initialising

the encoding layer in other NLP tasks and improve their performances. Moreover,

some works modify the optimisation objective with a technique they called �Negative

Sampling� (Mikolov, Chen, Corrado and Dean, 2013), avoiding training all parame-

ters of layers but only the encoding layer. Mikolov, Chen, Corrado and Dean (2013)

proposed Word2Vec with two di�erent training strategy variants, Skip-gram, and

CBOW5. With the research of creating e�ective word embedding, the relations be-

tween words are explored and are able to be vectorised. For example, it is found that

the words of country-capital pairs have similar distances and angles illustrated in

vector space (Mikolov, Sutskever, Chen, Corrado and Dean, 2013), which means word

embeddings are able to learn and represent the relationship between words. Another

4Because language models are trained to predict the next word based on previous words, in which
each input word is encoded (e.g. one-hot encoding) and then multiply an initially random trainable
matrix Qas the context for further computation in the hidden layer(s) and softmax layer. Therefore, when
the training process is completed, we not only have a whole language model with trained parameters
of each layer, but also obtain a trained matrixQ, which contains the vectorised representation for each
word, a.k.a.word embedding.

5ContinuousBagof Words Model
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example GloVe6 (Pennington et al., 2014) improves Word2Vec by e�ciently leveraging

statistical information of global co-occurrence counts rather than local context window

methods. However, the results of these works are static word embeddings, which

means in some situation where polysemy appear, they cannot switch the vector repre-

sentations for the correct meanings. To solve this issue, Peters et al. (2018) propose

ELMo7 that uses both semantic information of words and the contextual information

before and after the words on the architecture of bidirectional LSTM.

Advanced Pre-trained Language Model

Most of the above early generation of pre-train methods is based on the unidirectional

language model theoretically and/or on RNN (e.g. LSTM or GRU) technically. After

transformer architecture (Vaswani et al., 2017) has been proposed, it has been proved

that the language models trained with transformer have signi�cantly achieved better

performance than ones on RNN (Devlin et al., 2019; Radford et al., 2018, 2019). Because

the transformer is able to process much longer sequence with self-attention mechanism,

and performs better in parallel computing than RNN due to its own recurrent nature.

Also, applying the masked bidirectional language model in the training process has

also achieved better performance than the unidirectional one (Devlin et al., 2019;

Radford et al., 2019). Because with the unidirectional language model, only the context

before the target word is encoded for training, i.e. predicting the next word according

to prior words or the traditional language model. However, encoding both the context

before and after the masked word allows transformers to predict the target word more

correctly as the semantic meanings of some words do not only depend on the prior

context but also subsequent context. Moreover, with much more massive corpora used

and rapid development of hardware, the new generation of language models can be

6GlobalVectors for Word Representation
7Embeddings fromLanguageModels representations
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designed more complexly with more layers and blocks, and be capable of solving more

generic NLG and NLP tasks.

All of the above upgradations and improvements make these advanced language

models have a huge impact on the �eld of NLP, and are now central to most NLP

systems and research (Bommasani et al., 2021). Clark et al. (2021) demonstrate that

non-experts have di�culty distinguishing short-form English text that was written by

GPT-3 (Brown et al., 2020) from that written by humans.

Such advanced pre-trained language models are not just vectorised word repre-

sentations, like word embeddings, but backbone-like language models which can be

adapted and transferred to solve multiple di�erent downstream NLP tasks in various

domains, with a minimal number of parameters need to be learned from scratch.

Because these language models are pre-trained on corpora with an enormous amount

of text in the real world, which makes them �store the fundamental knowledge that

closely represents the state of the world(e.g. the lexical, grammatical, syntactical knowl-

edge),independent of modality� (Bommasani et al., 2021). Devlin et al. (2019) introduce

that BERT8 can be easily adapted for single sentence classi�cation, sentence pair

classi�cation, and single sentence tagging tasks.

OpenAI's GPT-29 (Radford et al., 2019) was trained simply to predict the next word

in 40GB of Internet text, which has demonstrated that transformer models trained on

very large datasets can capture long-term dependencies in textual data and generate

text that is �uent, lexically diverse, and rich in content (Samples generated by GPT-2

collected from OpenAI blog10 presented as Table 3.1).

Many achievements have been noticed on the basis of the pre-trained GPT-2

language model in recent years (Mao et al., 2019; Yang et al., 2020; Zhang et al., 2020;

Zheng et al., 2020). Zhang et al. (2020) present DialoGPT, which models a multi-turn

dialogue session as a long text and frame the generation task as language modelling on

8BidirectionalEncoderRepresentations fromTransformers
9GenerativePre-trainedTransformer 2

10https://openai.com/blog/better-language-models
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Table 3.1 A partial samples of text generation by GPT-2 from OpenAI

SYSTEM PROMPT
(HUMAN-WRITTEN)

A train carriage containing controlled nuclear materials was
stolen in Cincinnati today. Its whereabouts are unknown.

MODEL COMPLETION

The incident occurred on the downtown train line, which runs from
Covington and Ashland stations.

In an email to Ohio news outlets, the U.S. Department of Energy said it
is working with the Federal Railroad Administration to �nd the thief.

�The theft of this nuclear material will have signi�cant negative con-
sequences on public and environmental health, our workforce and the
economy of our nation,� said Tom Hicks, the U.S. Energy Secretary, in a
statement. �Our top priority is to secure the theft and ensure it doesn't
happen again.�

...

an enormous dataset extracted from Reddit. According to Zhang et al. (2020), DialoGPT

is able to generate more relevant, contentful and context-consistent responses. Yang

et al. (2020) inherited DialoGPT with KL(Kullback-Leibler) loss and style classi�er to

generate responses towards the target styles in both word-level and sentence-level.

Particularly, they construct two style corpora with arXiv-style and Holmes-style,

which are trained on for providing language styles implicitly along with the plain

conversation dataset from Reddit. Zheng et al. (2020) also present a personalised

dialogue generation model on the basis of a pre-trained language model and �ne-tune

it on a persona-sparse dataset, as they argue that a large scale part of dialogues is

not persona-related (Their persona consists of gender, location, and personal interest,

or pro�le). Further, the GPT-2 language model is also leveraged for story generation

by Mao et al. (2019). They use auxiliary training signals from datasets designed to

provide common sense grounding, and achieve quantitatively better common sense

reasoning in language models.

3.2.3 Corpora and Dataset

In recent years, the trend of dialogue system research has been focusing on data-

driven approach greatly, compared to the previous systems built up with rule-based
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approaches and expert knowledge. If we view an advanced dialogue system like a car,

and view the deep neural networks as car body and engine, then it is making sense

that datasets or corpora would be the fuel for the car. The fast developing deep neural

networks are upgrading their ability of feature extraction and computation. However,

like a high-performance car needs not only a solid car body and powerful engine but

also high-purity fuel that matches the car, the performance of a data-driven dialogue

system also relates to the quality of its fuel � dataset, or corpora, and even more so

than the fuel in car analogy.

Although categorising such a huge amount of existing corpora is di�cult, it is

still necessary to do so in order to select the most appropriate one for the given

NLP/NLG task. Regarding the target of this document, I will focus on dialogue corpora

particularly and discuss them from dialogue source aspects of interest referring to the

work of Serban et al. (2018).

Screen Dialogue

The corpora with screen dialogues, or scripted dialogues, are e�ective alternatives

to the ones with natural conversations in data-driven deep dialogue system learn-

ing. Because screen dialogues are sourced from either �lm screenplays, TV series

manuscripts, or novels, these dialogues are created with rich dramatic information.

And they are created, adapted and revised by the hand of expertscript writers and

novel authors, which guarantees the quality of the correctness of the usage of language

(e.g. the grammar correctness), as well as the consistency of the content.

There are a lot of existing corpora based on �lm and TV series that are widely used

in NLP/NLG tasks. Among them, theOpenSubtitles (Lison and Tiedemann, 2016) is

a primary corpus, which are based on the OpenSubtitles website11. The OpenSubtitles

collects an enormous amount of �lm dialogues with around 140 million utterances

and 1 billion words, as well as multiple language support. These two features make it

11https://www.opensubtitles.org/
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an appropriate dataset for neural machine translation (NMT) tasks. However, because

the utterances in the OpenSubtitles are not speaker-aligned, it is lack of potential to

serve for character-based stylistic related dialogue generation.

Apart from the textual information, the utterance text, there are many additional

features as they deliver information as well. TheCornell Movie-Dialogue Cor-

pus (Danescu-Niculescu-Mizil and Lee, 2011) provides not only the dialogues but also

various metadata on di�erent levels. In this corpus, speaker, �lm name, genre, release

year and more metadata are provided, which makes it possible to learn speci�c types

of dialogues based on these features. Some work has been done for certain additional

features, such as character-related ones. Walker et al. (2012) proposed theCharacter

Style from Film Corpus collected from IMSDb12 archive. In this corpus, Features,

such as the sentiment behind the utterances, are automatically extracted and used to

build up models on di�erent characters, which are capable to generate new utterances

with similar styles to those spoken by the character.

Some corpora are focusing on the dialogue structure, such asFiltered Movie

Script Corpus (Nio et al., 2014) andMovie-Triples (Serban et al., 2016) Both of

which �ltered the collected subtitles and structured them as X-Y-X triples, where X

is spoken by one actor and Y by another, and each of the utterances shares some

semantic similarity.

Because of its nature, the corpus with screen dialogues only provides the textual

information in �lms or TV series, in which much more visual information cannot

be observed, such as the performance of characters and scenic settings. Also, the

di�erences between scripted dialogues and real conversation cannot be ignored. Nev-

ertheless, it can still be helpful for data-driven dialogue learning since movie dialogues

are more compact, follow a steady rhythm, contain less garbling and repetition, and

convey information clearly to the viewers or readers (Dose, 2013; Forchini, 2012).

12https://imsdb.com/
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Natural Conversation

Broadly, all the conversations that happen in the real life naturally, other than the ones

created intentionally, are supposed to be classi�ed into this sub-section. However,

there are still �ner branches according to the ways that are used for collecting natural

conversation data. Serban et al. (2018) notes that the distinction between the spoken

and the written conversation is important. Because for the spoken conversations,

which are mostly recorded by real people and then transcribed into text, they are

� interpersonal, situation-dependent has no narrative concern, belonging to a highly in-

teractive, situated and immediate text type� (Forchini, 2012). Also from the linguistic

aspect, spoken conversations contain more pronouns and modal particles, as well as

tend to use shorter words and phrases.

On the other hand, the written conversations are mostly collected from online

social network websites, such as forums, blogs or micro-blogs, and chat-room. Because

in such ways, conversations between interlocutors do not happen simultaneously, then

users are able to re�ect on what they are writing before they post a message and thus

are more precise. However, there are still di�erences among these social networks, for

the ones that are more replied on instant message exchange, like Twitter13, or some

chat-rooms, conversations have more similarities to the spoken conversations as these

media intend to create engaging online scenes for imitating the occasions where real

spoken conversation happens.

3.3 Background Conclusion and Summary

Contemporary entertainment content has been becoming a vigorous and developing

medium for the human to tell stories, which o�ers abundant and workable elements

and plots of narrative in multi-modal ways (such as visual and textual). Narrative

systems have explored a wide range of approaches to both generating and presenting

13https://twitter.com/
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narratives (Riedl and Young, 2003) and have experienced mixed results (Hargood,

2011). However, most narrative systems are focusing on the narrative structures

and narrative events generation, or the so-called plot, but give little attention to text

realisation, including by the means of dialogue, as pointed out by some (Cavazza and

Charles, 2005; Gatt and Krahmer, 2018).

Meanwhile, dialogue generation is a speedy up-trending research branch in natural

language processing in recent decades with the support of deep neural network models

and big data technology. However, the in�uence on the dialogue generation by incor-

porating additional information from the authorial aspect into neural networks has

not been su�ciently explored. Considering the successes of the dialogue generation

research have achieved so far, such deep learning algorithm and rich corpora can be

expected to not only generate natural conversations in real life, but also for generate

dialogues in narratives, as well as contributing to enrich the ways of representation

and realisation of narrative structures and story plots.

In the next chapter, we explore an approach for data-driven narrative dialogue

generation on a customised dialogue corpus built on �lm screenplays.



Chapter 4

Personalised Dialogue Generation

As we mentioned in Chapter 1, we are intending to investigate the impacts that

characters with di�erent attributes make on the dialogue generation in the �ctional

world. And particularly, we select the personality of a �ctional character as the main

factor among the attributes of a character according to literature review (Chapter 3).

Therefore, we are introducing the work�ow of our approach , including the model

of personality we choose to apply, the process of parameterising personality during

the building of our dataset, the structure of neural network adapted, and the ways to

incorporate personality into neural network.

4.1 Character Personality

4.1.1 Personality Model

There are many existing psychological models that describe human personality from

di�erent perspectives, for example, Big-Five Personality Traits, Myers-Briggs Type

Indicator (MBTI), Enneagram of Personality, 16PF Questionnaire, etc.. Among these

models, Big-Five model and MBTI are two models that are deeply investigated and

have been applied in language generation using deep learning techniques.
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Myers-Briggs Type Indicator uses four categories to describe personality type,

with dichotomies for each category:

ˆ Extraversion/Introversion

ˆ Sensing/iNtuition

ˆ Thinking/Feeling

ˆ Judging/Perceiving

This model is originated from Swiss psychiatrist Carl Jung's observation and

speculation that human beings experience the world using principal psychological

functions (Jung, 2016). The model provides 16 preferred personality types as each

category has two polar orientations (the bold letters denote the polar orientations,

for example, ISTJ means Introvert, Sensing, Thinking, and Judging). Keh et al. (2019)

tested the performance personalised generation by embedding 16 MBTI personality

types using BERT pre-trained language model, and achieved training losses around

0.02 overall. Although this model is used in career counselling programmes , it

is under criticism for various reasons. Firstly, Jung's original theory is based on

his clinical observation rather than controlled scienti�c studies, which might be

an explanation of some dimensions of MBTI is correlated (Judging/Perceiving and

Sensing/Intuition). Also, the results of test-retest indicate the reliability of MBTI is

tending to be low (Pittenger, 1993).

Big-Five personality traits are derived from trait theories in psychological re-

search (Allport, 1961). Although there are many traits that can be used to describe

personality with habitual patterns of behaviour, thought, or emotion, it is widely

acknowledged that these traits can be reduced into 5 major traits using factor analysis:

ˆ Extraversion

ˆ Neuroticism

ˆ Agreeableness

ˆ Conscientiousness
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ˆ Openness to experience

Also, the results of factor analysis on personality survey data reveal some semantic

associations, i.e. some linguistic expressions are often used to describe aspects of

personalities of the same person. John et al. (1988) introduced the de�nition of lexical

hypothesis by elaborating prior works, which is:

Those individual di�erences that are most salient and socially relevant in

people's lives will eventually become encoded into their language; the more

important such a di�erence, the more likely is it to become expressed as a

single word.

Although there are some disagreements about division of the 5 traits in the Big-Five

model, such as criticism for orthogonal structure exists between traits, the relation

between lexical options and personality descriptions has been commonly agreed (Gold-

berg, 1993). A compendium of Allport and Odbert (1936) includes approximately 4,500

trait-descriptive terms in natural English. All these researches build up the method-

ological foundation or rationale of the research of Big-Five personalities by the means

of lexical descriptors in natural language. However, using this kind of verbal descrip-

tors to present personality is likely to introduce inevitable limitations. To sum them

up, they are all about the interpretations of lexical descriptors for personality may

vary across language communities or cultures, or between scienti�c researchers and

laymen, as well as may change over time.

4.1.2 Personality De�nition

According to narrative theories (Dyer, 1989; McKee, 1997), the personality of characters

in a single narrative is set by the author and should remain consistent throughout.

For example, �A character's personality in a �lm is seldom something given in a single

shot. It has to be built up ... across the whole �lm. A character is a construct from
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the very many di�erent signs deployed by a �lm�, writes Dyer (1989). Therefore, we

hypothesise that the personality of a certain character in a �lm remains consistent.

Given the research progress of personality descriptor and natural language (Allport

and Odbert, 1936; John et al., 1988; John and Srivastava, 1999; Mairesse and Walker,

2011; Mairesse et al., 2007), we use the properties of the Big-Five model to de�ne

characters' personalities by their dialogues presented in textual form. As mentioned

before, the big-�ve model contains 5 major personality traits. It is easier to memorise

these 5 traits by combining the abbreviation of trait names into a word. Therefore,

there are some aliases of the big-�ve model, such as the �OCEAN� or �CANOE�, which

are widely acknowledged and used. Also, the name and the abbreviation of the same

trait can be selected di�erently. Particularly, the trait �Emotional Stableness� in the

Big-Five model refers to trait �Neuroticism� in �OCEAN� model, which are two polar

orientations of the same dimension of personality.

Fig. 4.1The percentage of the explained variance of each original trait dimension.

4.1.3 Personality Recognition

We use apersonality recognizer(Mairesse et al., 2007) to calculate the personality of

characters in �lms. Its core foundation is based on the correlations between linguistic

variables and personality traits in di�erent linguistic levels, such as lexicon and syntax.
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For example, compared with an introvert person, an extravert person tends to use

language with more diversity on lexical level, and with more verbs on syntax level.

Mairesse et al. (2007) trained their personality recognizer models on two corpora,

which are essay corpus (Mehl et al., 2006) in written language and EAR (electronically

activated recorder) corpus (Pennebaker and King, 1999) in spoken language. The essay

one contains self-assessed personality, while the EAR one contains the personality

observed by external judges. In this thesis, we use the model trained on EAR corpus

because the models of observed personality outperform those of self-assessed person-

ality, according to their experimental results, as well as the dialogues in �lms is a type

of spoken language.

Fig. 4.2The matrix of eigenvectors. The numbers in �gure denotes the correlation coe�cients between
the new primary components (row) the original 5 personality traits.

In order to analyse the data of personality, we use Principal Component Analysis

(PCA). We �rst calculate the personality scores of each character on all �ve traits

using personality recognizer, and standardise these scores by removing the mean

and scaling to unit variance on each trait. Then we conduct PCA and show the

results in Figure 4.1 and Figure 4.2. In Figure 4.1, we notice that the �rst three

dimensions take around 86% of the variance ratio, which indicates that the trait
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dimension of personality can be reduced from 5 to 31. And Figure 4.2 shows the

matrix of correlation coe�cients between the original 5 traits and the new 3 primary

components. Normally we need to construct new 3-dimension data with this matrix.

However, this will include mixed new traits that are di�cult to be interpreted, which

will further a�ect our evaluations negatively. Therefore, we select 3 traits from the

original 5 trait with the largest coe�cients. It is easy to be aware thatExtraversion

relates to the new primary component2 andEmoti onal stability relates to the new

primary component1 dominantly, with the numbers of 0.93 and 0.8 respectively.

Although the new primary component0 relates toConscientiousness with the highest

number of 0.56, we do not select this trait as the third trait in our study although

the correlation coe�cients of Agreeableness andOpenness are slightly lower than

it. There are two main reasons for this selection: Firstly and essentially, Mairesse

et al. (2007) reported that MRC2 (Coltheart, 1981) features are the most important for

classifying traitConscientiousness for spoken language. However, during calculating

the personality scores for utterances, we noticed that there are 5 MRC features that

cannot be calculated, which take up 36% of total MRC features (14 in total). Thus, the

personality scores for traitConscientiousness are likely to be impacted negatively.

Secondly, in Mairesse et al. (2007), we noticed that the linguistic LIWC (Pennebaker,

2001) markers that correlate to traitAgreeableness are similar to those correlate to

trait Conscientiousness (also reported in Mairesse et al. (2007)). Although it is possible

to view the new primary component0 as a mixture of multiple traits as the correlation

coe�cients are not dominant (3 out 5 are from 0.46 to 0.56) as the other two new

components, we believe it would bring us more di�culties to interpret a new mixed

trait. Therefore, regarding the Figure 4.1 and Figure 4.2, we selectAgreeableness as

the third primary trait according to these reasons and we believe to select individual

1Another reasonable option is to reduce the trait dimension from 5 to 4. Here we select the simpler
one.

2A computerised database of psycho-linguistic information. Semantic, syntactic, phonological and
orthographic information
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Table 4.1 Character personality matching rate between the overall personality score in �lm-level and
the average score of scene-level.

3/3 2/3 1/3 0/3

Prop. 37.43% 41.6% 17.92% 3.05%

traits as original is able to maintain the initial de�nition meanings of the Big-Five

personality model.

4.2 Dataset

4.2.1 Why Not Use Existing Corpora?

In Chapter 3.2.3, we have discussed existing corpora from the perspective of the di�er-

ences between screen dialogue and natural conversation. Considering the research

goals and the features of existing corpora, we recognise the necessity to create our

own corpus to overcome the limitations and inaccuracies of existing ones.

As we are focusing on dialogue generation in the context of narrative �lm, it

is reasonable and necessary to narrow down our interests to corpora with screen

dialogue. Some existing corpora with screen dialogue are collected from �lms and TV

series. These corpora only contain textual information of dialogue, i.e. the utterances

or sentences themselves (Lison and Tiedemann, 2016), or contain very few other

Fig. 4.3Character Personality di�erence between overall personality score in �lm-level and personality
scores in scene-level.
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basic metadata as well, e.g. speaker and �lm name (Danescu-Niculescu-Mizil and Lee,

2011). However, for the dialogues within the context of the narrative, these kinds of

information are not able enough to represent narrative characteristics. Therefore, we

aim to build up our own corpus from screenplays and include features that represent

narrative characteristics. For example, we aim to retain the structure of a dialogue

rather than just treat dialogue as a start utterance and its responses simply.

Besides, on the aspect of conditional dialogue generation, the additional �con-

ditions� appear more interestingly and importantly than the textual information of

utterances. We observe that some work focuses on conditional dialogue generation

use character persona as an additional feature. Such persona commonly contains the

information of speaker's gender, age, job, and the location (Li et al., 2016; Qian et al.,

2018; Zheng et al., 2020), which we call �pro�le�. Such features are able to help dialogue

systems to generate sentences with corresponding �pro�le� in an explicit way but not

a�ect the style of linguistic expression in essence. Also, the other additional features,

such as sentiment and emotion, are labelled on individual and independent pieces of

text (e.g. a tweet feed) (Colombo et al., 2019; Klinger et al., 2018), which lack of overall

characteristic of a speaker. We acknowledge the improvements of dialogue generation

with these features. However, these features are not �t our requirements properly, as

we aim to generate dialogues with overall character personalities which are related to

linguistic expression and re�ect authorial intentions.

4.2.2 Corpus Build-up

The dialogues are parsed from raw screenplays on IMSDb by following Winer and

Young (2017), in which they pointed out that rich narrative knowledge can be extracted

from screenplays, as �screenplays contain more structured discourse information(Jhala,

2008)than other narrative texts such as news stories(Chambers and Jurafsky, 2008)or

fables�.
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A screenplay is supposed to be written in formalised rules, which means it is

feasible to identify elements in screenplays with certain typesetting patterns (Riley,

2009). For example, in Figure 2.2, the name of a character is supposed to be typed

with all capital letters, and is placed in the centre of the page with a �xed indentation.

Therefore, it is reasonable to extract dialogues, dialogue structures, and characters

from original screenplays by utilising these formalised patterns.

Winer and Young (2017) created a grammar based on the rigid syntax of shot

headings to extract short descriptions (e.g. stage directions) and other discourse ele-

ments for automatic screenplay annotation. The main strategy that their annotator

uses for identifying these elements is to segment elements by di�erent indentation

and unique formats for certain elements. For example, each line in screenplay (sup-

posed to be 58-character length) is divided into three blocks, which areRANGE_LEFT,

RANGE_MID, andRANGE_RIGHT, with 18-character, 24-character, and 16-character

length respectively. And then the annotator is supposed to identify a piece of text in a

line is a name of aCharacterif the �rst letter of this text locates withinRANGE_MID

with all capitalised letters. This rule-based on indentation is able to identify characters'

names correctly if a character's name is placed in a standardised position. However,

we observed that the raw screenplays from IMSDb are not with a standard format

completely, such as varied positions for character's name (which might be in all three

blocks they de�ned), or wrong indentations ofdialoguetext (supposed to be with

di�erent indentations from character). These wrong formats can cause mistaken

identi�cation for elements in screenplays, especially for dialogues.

Therefore, we create a heuristic-based process of screenplays to recognise and

segment a series of elements with the strategy ofFinite State Machine (FSM)referring

to the work of Zhang et al. (2019). Di�erent from the strategy of Winer and Young

(2017) that relies heavily on indentation, we only use conditions based on the format

to identify characters' names, as well as dynamic rather than �xed indentation to

identify the start and end of each utterance. With these two main strategies, we are
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able to process some frequent situations more correctly where character-utterance

pairs with wrong formats appear as follows:

ˆ Varied and wrong indented character and/or utterance.

ˆ An unexpected empty line between character and utterance.

ˆ No necessary empty line for separating the utterance spoken by previous

character and the next character's name.

Table 4.2 Overall characteristics of the parsed IMSDb dataset.

Genre Film Dialogue Turn

Action 315 96k 213k
Drama 631 197k 502k

Romance 203 62k 164k
Thriller 389 113k 274k

Corpus Statistics

Initially, We collected 1,160 screenplays from IMSDb, and use our heuristic-based

script to parse these screenplays. We discarded some screenplays from which no

dialogue can be parsed, because they contain little or no formatting information such

as no capitalised words, which makes it impossible to distinguish characters from

other elements. Consequently, we parsed 1,064 screenplays, which is around 92% of

the screenplays we collected. Each screenplay is parsed into dialogue sessions based

on transitions3 within each �lm, along with corresponding character (speaker) for each

utterance, and categorised by genres. Speci�cally, in our following experiment, each

big dialogue session is segmented into several dialogues for training, ensuring each

dialogue is always taking place between two characters. We make this simpli�cation

because �A-B-A-B� exchange is the simplest and most common dialogue structure in

�lm screenplays. In a dialogue session, descriptorCONT'Dfrom screenplay before a

turn might appear, which denotes this turn is continued to the last one spoken by the

3We recognise a transition by some special staging directions, e.g. when the locations are switched.
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Fig. 4.4The steps in building up our corpus.

same character. Here two strategies are used for processing this:discardingone turn

or concatenatingtwo turns. both ways result in the same number of turns.

Also, all parsed dialogues are extracted from the screenplays on 4 major narrative-

rich genres: Drama, Romance, Action, and Thriller. (Table 4.2 shows the original

dataset's characteristics).

In this document, we select dialogues composed of between 2 to 6 turns, and

extend them to 2 versions of dialogue set:chunkandincrement(as Figure 4.4 shows).

For both sets, we keep the original structure of selected dialogues. Particularly for

incrementone, for each selected dialogue, we expand it into=� 1sub-dialogues, where

= denotes how many turns in such selected dialogue. We useincrementset with the

statistics as Table 4.3 shows. Yang et al. (2020) use ~1M sentences of arXiv-style and

~38k sentences of Holmes-style for training stylistic dialogue generation. Here our

dataset is with a not less magnitude of size4. We split it into the training set and the

evaluating set with ratios 90% and 10% respectively, to conduct all the experiments

and studies in this document.
4One turn consists of at least one sentence.
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Table 4.3 Characteristics of the selected and parsed IMSDb dataset (increment) used in this study.

Genre Dialogue Turn Character

Action 103k 317k 7.1k
Drama 245k 785k 14.3k

Romance 81k 263k 4k
Thriller 134k 423k 8.5k

Table 4.4 Character personality matching rate between the overall personality score in �lm-level and
the average score of scene-level.

3/3 2/3 1/3 0/3

Prop. 37.43% 41.6% 17.92% 3.05%

4.2.3 Labelling Personality

We label the parsed dialogues with the selected three traits (Extraversion,Emoti onal

stability, andAgreeableness, or with abbr.Extra, Emoti, andAgree) regarding the

results of PCA. To start labelling, we �rst calculate the personality scores on three

traits for each character using personality recognizer (Mairesse et al., 2007). scores here

are calculated from all the utterances spoken by a single character from a complete

�lm, representing a�lm-level overallpersonality score for this character. They are

within the range from 1 to 7, with 4 as the neutral following Mairesse and Walker

(2011); Mairesse et al. (2007). And we then divide them into 3 sub-ranges:Lowin the

range lower than 3.8,Mediumin [3.8, 4.2], andHigh in the range greater than 4.25.

For instance, for the extraversion trait, the labelLowdenotes more introvert and the

labelHigh denotes more extravert. We set the thresholds identically for each trait, for

maintaining the original distribution from the raw data as they are already scaled by

Personality Recognizer. We then label each utterance in the dialogue session with a

3-trait personality pertaining to the character who utters this sentence. For example, a

sentence is assigned with the label (High, High, High) if the character utters this very

sentence is extravert, emotionally stable, and agreeable.

5We also use another threshold scheme in whichMediumbetween [3.5, 4.5], withLowsmaller than
3.5 andHigh greater than 4.5.
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Fig. 4.5Character Personality di�erence between overall personality score in �lm-level and personality
scores in scene-level.

During the investigation of the overall personality, we noticed the existence of

volatility in term of recognised personality scores over the progress of a �lm based on

the aforementioned calculation. We did the same calculation and label work on the

scene level (i.e. to calculate the trait scores from all the utterances spoken by a single

character within each scene) as a �ner-grainedscene-levelpersonality. In order to

compare the di�erences between �lm-level personality and scene-level personality of

each character, we �rstly calculated a weighted normalised average of each character's

scene-level score depending on the word count of utterances for each scene and label

characters' personalities with these scores. Then, we compared matching degrees on

the trait labels between �lm-level personalities and scene-level personality averages.

Table 4.4 shows that there are 79% of characters who have at least 2 out 3 trait labels

matching. For each trait, there are over 50% of characters whose di�erence between

average scene-level personality and �lm-level personality is less than� 0”25(Figure 4.5).

We set two versions of corpus:Corpus 1as a pilot corpus usingdiscarding, [1,

3.5, 4.5, 7] scheme, and �rstchunkin a dialogue session; whileCorpus 2as a �nal

corpus usingconcatenating, [1, 3.8, 4.2, 7] scheme, andincrementset6. For each corpus

and each genre, characters' personality scores are calculated and their medians are

compared. For example, for labelHighof Extraversion, if the median of scores inCorpus

6In the following evaluations, we useCorpus 1for User Study i, andCorpus 2for the others. In this
document, �corpus� refers toCorpus 2unless speci�ed.
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2 minus that inCorpus 1is positive, which denotesCorpus 2has more percentage of

extreme scores for this trait, otherwise theCorpus 1. For 8 (2 � 2 � 2) personalities

with High andLowlabels, we have 96 (8 � 3 � 4) median di�erences. Among them,

Corpus 1andCorpus 2have 51 (avg. 0.698, std. 0.48) and 45 (avg. 0.736, std. 0.58)

traits respectively of which the medians greater than the other, i.e. more extreme. We

consider these two corpora have similar percentage in extreme personality with 0.72

of p-value, whileCorpus 2has better parsed dialogue structures, more utterances with

extreme personalities, and more amount of utterances.

4.3 Approach

4.3.1 Problem Formalisation

Our aim is to generate utterances that corresponds to a given dialogue context and a

representation of composite target personality traits. This aim can be decomposed

into two sub-aims, which are:

1. to generate contextually consistent utterances.

2. to incorporate target personalities that is able to be presented through generated

utterances correctly.

The overall work�ow of our approach is illustrated as Figure 4.6.

Basic Language Model

We have introduced that the state-of-the-art neural language model has proven its

success in generating contextually consistent responses with given context for various

NLP tasks in Chapter 3.2.2. The traditional language model using N-gram estimates

conditional probabilities by counting the ratio between a certain N-gram and other

N-gram with the same context history (input word sequence) from a corpus. Compared

with this N-gram based language model, the neural language model is able to extract
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Fig. 4.6Our approach work�ow, including stages of Data Processing, Fine-tuning, and Inference.

features and mappings from much longer context history, as well as to be more

generalised over the same context input.

Initially, the neural language model was designed to predict upcoming word(s)

depending on the given word sequence (�rstly proposed by Bengio et al. (2003)).

Suppose provided a piece of text with= wordsF 1• ”””F=, then we denote the �rst<

words as context� , andF< ¸ 1• ”””•F= as target response. Therefore, the language model

can be described as the product of a series of conditional probabilities as follows:

%¹' j� º =
=Ö

8=< ¸ 1

%¹F8jF 1• ”””•F8� 1º (4.1)

Since the transformer architecture proposed, which is capable to process longer

sequence than RNN network, it is possible to feed the longer sequence like a series

of sentences instead of words. Following Zhang et al. (2020), the Equation 4.1 can be

extended to

%¹' j� º =
=Ö

8=< ¸ 1

%¹) 8j) 1• ”””•)8� 1º (4.2)

where) 1• ”””•)< is assigned as context, (i.e. the �rst< C� turn of a dialogue session with

) = turns), and the turns of) < ¸ 1• ”””•)= are set as response. Consequently, optimising
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a single objective%¹) =• ”””•)2j) 1º can be perceived as optimising all%¹) 8j) 1• ”””•)8� 1º

source-target pairs.

Adapted Language Model

As prior work about conditional dialogue generation (Colombo et al., 2019; Huang

et al., 2018; Yang et al., 2020; Zheng et al., 2020) introduced, in our work, we extend

the standard language model by incorporating our target personality%B=, which

speci�cally leads to%¹' j� 0º, where� 0 = f�• %B=g. And we set our personality-based

objective using the negative log-likelihood loss following DialoGPT:

! #!! = � ;>6%¹' j� 0º (4.3)

Text Representation

Most previous language models for dialogue generation or text generation treatword

as the smallest unit (token) (Li et al., 2016), i.e. a piece of text consists of a set of

words. Such models can only compute a restricted space of model-able textual strings,

which need to be heavily pre-processed to achieve a certain format, such as lower-

case and punctuation tokenisation, as well as lead to some limitations, especially the

incapability of addressing out-of-vocabulary words.

An alternative approach, which is used for processing strings as a sequence of

UTF-8bytes, is able to address such limitations (Gillick et al., 2016), but the perfor-

mance of byte-level language models is not competitive with word-level language

models on large scale corpora. Byte Pair Encoding (BPE) (Sennrich et al., 2016) is a

practical middle ground between character and word level language modelling which

e�ectively interpolates between word-level inputs for frequent symbol sequences and

character level inputs for infrequent symbol sequences, which results in the feasibility

of language models for handling out-of-vocabulary words. And Radford et al. (2019)

adapt this original BPE method by reducing unnecessary merge character categories
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Fig. 4.7Our approach's framework. The basic Transformer inherited from prior works on theleft. The
3 methods for embedding characters' personalities are presented on theright. Each transformer has the
same con�guration and uses initialised parameters from pre-trained DialoGPT or randomisation as
noted.

for any byte sequence. We here inherit this method for text representation, which

combines the bene�ts of word-level language models with the generality of byte-level

encoding methods. Also, it allows us to avoid heavy pre-processing of text.

4.3.2 Personality Incorporation

As we introduced above, to achieve our personalised dialogue generation, it is necessary

to investigate how to represent the calculated personality trait labels, as well as

how to incorporate target personality into our dialogue system. Here we implement

three di�erent representations and incorporating methods for target personality, and

evaluate them respectively.

Combined Textual Embedding (CTE)

First, we use a simple and naive method to incorporate personality, which is to treat the

target personality as another turn of dialogue in text, referred toCombined Textual
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Embedding (CTE). For example, in Equation 4.2, given a dialogue session with the �rst

8� 1 turns as context, and the8C� turn as the response in �ne-tuning stage. Also, the8C�

turn of dialogue is uttered by a character with a certain personality trait combination.

Suppose this character is extravert, emotionally stable, and agreeable, which denotes

the combination with trait labels isExtra: high, Emoti: high, Agree: high. And then the

labels of personality traits are collected in text and concatenated with the trait order

(Extra, Emoti, Agree). Therefore, the �nal personality of this character is represented

as%B== #�86� #�86� #�86� , where# is the splitter, and concatenated after the context

of dialogue as a special turn, leading to the �nal input for �ne-tuning

) 1• ”””•)8� 1•#�86� #�86� #�86� ! ) 8

For this embedding method, we explicitly represent the personality with the labels

of the three speci�c traits, concatenate it along with context as the input sequence,

and feed it in a single transformer initialised with pre-trained GPT-2 parameters

(Figure 4.7).

Separate Composite Embedding (SCE)

The second method is to embed context and target personality separately, referring to

Separate Composite Embedding (SCE). For this representation, we treat each person-

ality with 3 traits as a composite, and label all personalities as%B=8¹8= 0•1• ”””•27¹33ºº.

Also for the same example, suppose the response turn of dialogue is uttered by a char-

acter with a certain personality extravert, emotionally stable, and agreeable, which

denotes the combination with trait labels isExtra: high, Emoti: high, Agree: highand

will be assigned the label1. All the combinations are assigned a unique label from

1 (Extra: high, Emoti: high, Agree: high) to 27 (Extra: low, Emoti: low, Agree: low)

respectively. Here we particularly denote0 as none personality. Instead of feeding

context embedding and target personality embedding independently into on single
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transformer as Zheng et al. (2020), we use these two embeddings as input into two same

transformers respectively like Mazare et al. (2018), but with di�erent initial parame-

ters. In other words, the transformer receives context embeddings is initialised with

pre-trained DialoGPT weights and the transformer receives personality embeddings

is initialised with random weights, as (Figure 4.7) shows.

Separate Trait Embedding (STE)

The �nal and third method is to represent target personality from a �ner-grained aspect,

which sets an embedding for every single trait, then builds the target personality

embedding that is a sum of three trait embeddings following Zheng et al. (2020),

named asSeparate Trait Embedding (STE). For example, the character with a certain

personality of extravert, emotionally stable, and agreeable is assigned (0, 0, 0), as per

(Extra: high, Emoti: high, Agree: high) of semantic label. By conducting this embedding

method, the labels of each trait can be embedded and controlled by three di�erent

embedding layers independently. Also, the context embedding and aggregated target

personality embedding are fed into two same transformers respectively with di�erent

initial parameter weights as such in the second method (Figure 4.7).

Summary

We describe three methods for incorporating personality into neural networks. For

CTE, we regard the personality as a textual representation and concatenate it with

the textual representation of dialogue context. Then we transform this concatenated

textual representation into a vectorised embedding in one embedding layer, and fol-

lowed by the �ne-tuning process in transformer. For SCE, we separately transform the

dialogue context and personality into embeddings in two embedding layers respec-

tively. Then these two embeddings are feed into two transformers and their outputs

are added up to complete incorporation. Last for STE, three personality traits are

separately fed into three embedding layers, resulting in three trait embeddings, which
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are added up afterwards as a complete personality. Finally the following process is

conducted, in a similar manner as SCE.



Chapter 5

Automatic Evaluation

5.1 Methodology

Three di�erent scales of pre-trained DialoGPT models are provided with total parame-

ters of 117M, 345M and 762M respectively. Here we use the 117M con�guration with

12 hidden layers, 12 attention heads for each layer, 768 dimensions hidden states, to

�ne-tune and evaluate our approach. We conduct �ne-tuning process from original

DialoGPT on our datasets for 2 epochs following their recommendation1 with manu-

ally optimised hyperparameter values as follows: learning rate of5 � 10� 6, learning

rate decay ofnoam(Vaswani et al., 2017), maximum sequence length of 128, and batch

size of 8. Then we select the models with the lowest values of evaluating loss and

perplexity during �ne-tuning.

We conduct experiments to evaluate our proposed models, from the perspective of

personality identi�cation and variety. We selected 50 utterances from various genres

of �lms that are not included in our dataset as input seeds for the generation process.

Based on each seed, 3 more successive utterances were generated with 1 of 8 target

personality (to simplify the process of evaluation, we set the target personality with

High andLowlabels for each trait, removingMedium, i.e. 8 combinations of target

1https://github.com/microsoft/DialoGPT
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personalities in total) to generate a 4-turn short dialogue. This process of generation

is repeated 15 times for each seed across all 8 target personalities using 4 di�erent

embedding methods (CTE, SCE, andSTEintroduced in previous section plusSDGfor

StyleDGPT (Yang et al., 2020)). Therefore, 6,000 (15� 50� 8) sets of dialogues are

generated for each personality embedding, per level of personality and per genre.

All the acronyms of the embedding methods used in this chapter are list as below:

ˆ CombinedTextualEmbedding:CTE

ˆ SeparatelyCompositeEmbedding:SCE

ˆ SeparatelyTrait Embedding:STE

ˆ StyleD(ialog)GPT:SDG

5.2 Personality Identi�cation

We �rst evaluate whether the generated dialogues re�ect the �correct� personality.

All the sentences generated with the same target personality are accumulated and

evaluated by the same tool as per for labelling.

5.2.1 Overall Aspect

To evaluate the extent of the model's ability to generate dialogues with the matching

personality, we use the same scale to label the calculated personality for generated

dialogues, and then compare these labels with the given target personality labels, trait

by trait. For example, in Figure 5.1, �3/3� denotes all 3 trait labels match between the

target personality and the identi�ed personality from generated dialogues, while �0/3�

denotes that none of them matches.

In Figure 5.1, we show an overall personality identi�cation accuracy with two

levels of personality and three embedding methods. From the perspective of scene-

level personality (Figure 5.1), we notice that with bothSCEand STE, over 80% of

target personalities across 4 genres can be correctly identi�ed, with all three correct
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Fig. 5.1The accuracy of personality identi�cation for generated dialogues with scene-level (left) and
�lm-level (right) personality and 4 embedding methods.

identi�ed traits (3/3). And almost all target personalities with at least two traits are

correctly identi�ed. The identi�cation accuracy ofSCEandSTEis signi�cantly higher

than CTE, which has more than 40% personalities with all three traits correct and at

least two traits correct. From the perspective of �lm-level personality (Figure 5.1), we

can also obtain the similar observation thatSCEandSTEhave better performance

than CTE.

Comparing the performance between scene-level and �lm-level personality (Fig-

ure 5.1), it is easy to be aware that scene-level personality contributes more positive

impact on personality identi�cation rather than �lm-level one, where more personali-

ties with all three traits can be correctly identi�ed.

Figure 5.2 shows the scores of identi�ed personalities on a �ner-grained trait aspect.

With the target labels for each trait, the di�erences of the scores between thehigh and

low are the focuses of interest, where the greater di�erence means the dialogues can

be identi�ed more correctly, i.e. the identi�ed scores withhigh label are expected to

be higher than the ones withlow label.

From the trait perspective, we observe that the trait extroversion is the most

correctly identi�ed trait among all three traits with the great di�erence of score
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Fig. 5.2Results of personality identi�cation for generated dialogues on trait aspects with identi�ed
scores. For each aspect, the �rst row shows the results with scene-level personality, and the second
row shows the results with �lm-level personality. All results are grouped by embedding methods.

distribution between two labels and small box (smaller box and shorter whisker denote

the trait can be identi�ed more steadily), especially with scene-level personality. While

the other two traits have similar score distributions.

With or without personality

We also compare the distributions of personality identi�cation scores between our

method and the plain dialogue generation approach, i.e. without personality. We

particularly selectSTEgroup (including the results of personality identi�cation with
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Fig. 5.3The comparison between the generations with personality (STE �lm-level & scene-level) and
w/o personality (DialoGPT).

�lm-level and scene-level personality on all 4 genres) to represent the generation with

personality becauseSTEhas the best performance in personality identi�cation evalua-

tion across all personality embedding methods, andSCEhas the similar distributions

asSTE. We calculate the personality identi�cation scores for three traits, and group

them by personality settings. For each trait, we calculate scores for three settings,

of which the dialogues with personality settings (high andlow labels) are generated

using methodSTE, and the dialogues without personality settings are generated using

DialoGPT directly. All dialogues are generated with the same input seeds.

In Figure 5.3, we observe that the boxes with personality settings re�ect more polar

distributions, while the ones without personality settings tend to re�ect relatively

less polar distributions (i.e. the boxes of none are positioned between generations

with personalities regarding the scores). Therefore, compared with the plain dialogue

generation system, which tends to generate dialogues with mostly plain personality,

our method is able to control dialogue generation with given extreme personality

accordingly.
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Fig. 5.4 Results of personality identi�cation for generated dialogues on overall aspect with trait
matching accuracy for all 4 genres, withSCEandSTEembedding types, for both �lm-level and scene-
level personalities.

5.2.2 Genre Aspect

In Figure 5.4, we speci�cally select the results of personality identi�cation with em-

bedding methods ofSCEandSTEsince they perform better thanCTEandSDG, and

present the results on both scene-level and �lm-level across 4 genres. From Figure 5.4,

we obtain the similar observations that scene-level personality contributes more pos-

itive impact on personality identi�cation rather than �lm-level personality does as

Chapter 5.2.1 presented, regardless genre. For example, around 80% or more personali-

ties with all three traits are identi�ed correctly (3/3) on all 4 genres with scene-level

personality (Figure 5.4left), while the number only reach up to 60% with �lm-level

personality (Figure 5.4right).

Also, we observe that with scene-level personality (Figure 5.4left), the results on

the genres ofdrama, romance andthriller tend to have relatively similar personality

identi�cation accuracy, while the one onaction has higher accuracy. Comparably, with

�lm-level personality (Figure 5.4right), the results on the genres ofaction , drama,

andthriller have the similar distributions as the ones with scene-level personality

(i.e. action and drama are the highest, whilethriller has slightly less accuracy).

However, the accuracy (here we only focus �3/3�) of the genreromance drops down
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signi�cantly from levelling with drama andthriller in Figure 5.4 (left) to less than

half accuracy in Figure 5.4 (right). A probable reason for this accuracy dropping down

could be, comparing with the other three genres,romance has the smallest corpus

size, plus the fact of relative weakness of �lm-level personality.
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5.3 Basic Analysis

Apart from personality identi�cation accuracy, we also evaluate generated dialogues

on some metrics widely used in computational linguistics.

5.3.1 Metrics

The major purpose for us here to is to evaluate whether incorporating additional

characters' personalities a�ects the variety of generations. Hence, we select two

metrics, edit distance and semantic cosine similarity to evaluate generations from

surface text perspective and semantic perspective respectively. For edit distance, we

particularly use Levenshitein distance following Porteous et al. (2013) as they use this

metric to measure the di�erence between pairs of narratives generated with di�erent

relationships between characters.

We also use BLEU (Papineni et al., 2002), which is one of the commonly used

word-overlap metrics in NLG research. By comparing the generated dialogues and

golden references, the word overlapping rate denotes the similarity of generations to

the references. Normally, a higher word overlapping rate represents higher quality. In

our experiment, we evaluate the generated dialogues on BLEU on both utterance-level

and dialogue-level.

And we also calculate the simple sentence count and word count of each generated

dialogue for evaluating the capability of each embedding method to our approach.

5.3.2 Results

We present our �ndings for a sample of generated dialogues in Table 5.1.

For each generated turn of 4-turn generated dialogue (excluding the �rst turn, i.e.

the seed), we count the number of sentences and the number of words, as well as

calculate the word-sentence ratio. We compare the numbers among our approach with

di�erent settings, the generated dialogues from the original DialoGPT, and randomly
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collected dialogues from our dataset (written screenplays). We observe the sentence

counts of our approach are all over 1.33 sentences per turn, which are more than

dialogues from original DialoGPT, but much less than the written screenplay. And the

word counts per turn are around 10 words, which are less than DialoGPT and written

screenplay. This observation probably indicates that in order to correctly control the

target personality of dialogue, our approach loses some of the ability of generation.

We also evaluate the variety of dialogues generated by our approach by calculating

the edit distance and semantic similarity. More precisely, for all generated dialogues

with the same seed and same target personality (For DialoGPT, only the seed con-

trolled), we calculate the edit distance (normalised by text length with range 0 to 1)

using Levenshiten distance, and semantic cosine similarity (with range -1 to 1) using

Universal Sentence Encoder (Cer et al., 2018) for these dialogues pair-wisely. From the

table, we observe that the dialogues generated by our approach are able to provide

higher edit distance, as well as lower semantic similarity. This observation could be

regarded as our approach is able to generate dialogues with more variety given the

same seeds from surface text perspective and semantic perspective.

Furthermore, we use Bleu (Papineni et al., 2002) (n=1,2) as a representative of word-

overlap metrics, to evaluate generated dialogues against the sole reference from the

original screenplays. We apply the Bleu metric on dialogue level and utterance level

evaluations. As the results show in Table 5.1, from the personality level aspect, the Bleu

scores for �lm-level personality are higher than the ones for scene-level personality.

Also from the embedding method aspect,CTEreaches the highest Bleu scores in

either personality level. Normally higher Bleu scores are expected, which denotes

the generated samples and the reference(s) share more overlapped n-gram words.

However, in our case, we noticed the settings that achieve higher Bleu scores (�lm-

level personality,CTE) have lower personality identi�cation accuracy (see Figure 5.1).

This observation is understandable, because generations with di�erent personality

combinations are more similar to the sole reference also means they are more similar
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Table 5.2 Generated dialogue examples from the two extreme personality trait combinations.

Target Person-
ality (Extra,
Emoti, Agree)

Turn1(Seed): What on earth do you think the baby will be doing?!

high, high, high

Turn2: It's all right, man, I mean he's a little old one. He 'll grow outa that, it's just
a baby.
Turn3: I'm going. You 'll have to stay for the baby.
Turn4: It's all right, man, we 'll get it over with.

high, high, high

Turn2: In the future, the baby is not a person to begin with, and so no one will
recognize it until, so that the child can be the best person we can think of now.
Turn3: I believe you. In twenty years the child will be as intelligent as the mother,
the father, the child's mother, the child's father.
Turn4: Then he will be a son of God.

low, low, low
Turn2: I don 't know, it was just a thought...
Turn3: What you have to do is ask Mommy what the baby's name is.
Turn4: I can 't do that! I don 't know it.

low, low, low

Turn2: I don 't know. You can 't have your own son and your son will never see
the world.
Turn3: What about the baby? What about him?
Turn4: I don 't know if he was born yet.

to each other. Meanwhile, given the fact that we have only one ground-truth golden

reference for each input seed, achieving higher BLEU scores indicates that these

generated dialogues are similar to the reference and similar to each other, which

might be against the goal that we expect them to re�ect di�erent target personalities

correspondingly. Therefore, the di�erence of personalities is less likely to be re�ected

accordingly. Considering this analysis, we argue that such word-overlap based metrics

are less applicable in our case. We also consider that for open-domain creative content

generation, to chase higher scores by such metrics would to some extents frame the

diversity of generations (Liu et al., 2016), especially in the case where there is a lack of

golden references, e.g. the ones written by screenplay writers.

5.4 Generated Samples

We present several examples of dialogues generated with the setting reaches the best

performance (scene-level, andSCE), given the same input seed (statement) and on 8

personalities (Table 5.3). And in Table 5.2 we present examples with another input seed
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(question) on 2 extreme personalities. All examples are selected from the dialogues

generated by the model trained on the Drama sub-dataset, and they are expected to

take place between two characters as the dialogue structure in the dataset.

5.5 Conclusions

We evaluate the generated dialogues from the aspects of personality identi�cation and

basic linguistics.

From the aspect of personality identi�cation,SCEandSTEembedding methods

have signi�cantly higher accuracy thanCTEand StyleDGPT. Also, scene-level person-

alities have higher accuracy than �lm-level ones. And the genre of drama tends to

have higher accuracy with both �lm-level and scene-level personality, and the genre

of romance tends to have the lowest accuracy, compared with the other three genres.

Also, from the results shown of comparisons between our approach and other dia-

logue systems, we notice that our approach performs better (generate more percentage

of dialogues with given personalities correctly identi�ed) than StyleDGPT, and has

more capability of controlling personalities rather than plain language models.

And from the aspect of basic linguistics, we observe that the capability of generation

of our approach is reduced on generated word quantity, but slightly increased on

generated sentence quantity, which results in a more natural word-sentence ratio, i.e.

similar to the original screenplays.
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Table 5.3 Examples of generated dialogues from the full range of personality trait combinations (8
separate ones).

Target Person-
ality (Extra,
Emoti, Agree)

Turn1(Seed): All I'm asking is enough gas to get me to New York. The bag's
worth twenty-�ve dollars.

high, high, high

Turn2: Well, that's a lot to ask. And it's not that far out. And the food there is the
same.
Turn3: It is for a friend, but thank you, I 'll get a couple of them, and a couple of
the bags for the kids.
Turn4: The kids. What the hell are you doing?

high, high, low

Turn2: What's that for? You can 't do that to my bag.
Turn3: You know what the bag is worth to you at �ve thousand dollars a year and
you can 't do that to that one anymore.
Turn4: I can 't do that.

high, low, high

Turn2: Twenty �ve, what? It's just a little something, I think? That I got a couple
other guys on this. And we're going out to lunch � I think, you know, if you really
want to get some co�ee, that I could come out here and work out some food...
Turn3: You think I'm serious?
Turn4: No. I'm just saying...

high, low, low

Turn2: Twenty-�ve dollars?
Turn3: To make it to New York, then back to New England. That's it. I want to
go back. And I want to go in a city... I'm gon na �nd myself somewhere in a city.
Where are we going?
Turn4: The city.

low, high, high
Turn2: Yeah. That's a good idea.
Turn3: You think they can get out?
Turn4: Yeah.

low, high, low
Turn2: You're kidding. You're making it up.
Turn3: You're so crazy. You can 't f** believe it.
Turn4: I can 't believe it either. You 'd think that I 'd be drunk. I'm just a kid.

low, low, high

Turn2: I'm trying.
Turn3: You're not trying, son. You can 't just walk around the city with no gas on
your hands.
Turn4: I can 't.

low, low, low

Turn2: I don 't think it has to be.
Turn3: I'm telling you, it does.
Turn4: No, no. There's too many of them, too. You've got one... and it sucks. It's
no good.



Chapter 6

Human Evaluation - CTE

In the preceding chapter, we have demonstrated our dataset and approach are able to

improve the dialogue quality regarding variety, as well as re�ect the given target per-

sonality using automated metrics. While it is also necessary to evaluate the generated

dialogues with human intelligence.

Therefore, in this chapter, we introduce two user studies we conducted,User

Study i andUser Study ii , including the survey design, the material to be evaluated

generated with CTE method, the results, and the analysis. The user studies are

aiming to evaluate the impact on dialogue generation by incorporating additional

personality features. More speci�cally, to what extent do the additional narrative-

based personality features a�ect the quality of generated dialogues using data-driven

approach statistically, as well as to what extent do the participants perceive the target

personality.

During user studies, the recruited participants will be grouped purposefully and be

assigned to do surveys. In each survey, each participant is supposed to evaluate several

pieces of generated dialogue with their own knowledge and with di�erent feature

settings according to linguistic and narrative measuring factors that are de�ned clearly

and precisely.
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6.1 Methodology

6.1.1 Survey Design

Following our aims, we design the survey for our user study to evaluate dialogues

from 3 perspectives:

1. Dialogue Quality

2. Personality Identi�cation

3. Genre Identi�cation

We initially de�ne our dialogue quality from 5 aspects in order to include semantic

and pragmatic evaluation, as well as narrative-based evaluation:

ˆ The Dialogue is Grammatically Correct

ˆ The Content of Dialogue is Consistent

ˆ The Content of Dialogue is Logically Believable

ˆ The Dialogue is Easy to Comprehensive

ˆ The Dialogue has Rich Dramatic E�ect

After analysed 6 responses for a small pilot study, we noticed that some participants

showed their impatience and frustration when they were doing this survey, which

leading to more random responses, i.e. participants are answering questions merely

for �nishing the survey rather than making proper judgements. And such situation

was more likely to be noticed progressively, especially at the second half of the survey.

A major reason for this situation is the total amount of questions, which has reached

200 (5� 40) only for dialogue quality aspect on such design. To answer such amount of

questions, participants are probably losing their attention over time. Another reason

is participants are required to answer same questions repeatedly to judge dialogues,

which might cause the whole survey a tedious work. We also noticed that it is di�cult

to judge generated dialogues from narrative perspective as each dialogue only contain

4 utterances and is lack of context as a narrative, according to the feedback from

participants in pilot study.
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Fig. 6.1A screenshot (one page) of the survey forUser Study i. Each page contains a piece of either
generated dialogue or original written dialogue, a question group for dialogue quality evaluation,
another question group for personality identi�cation, and a question for story genre identi�cation.

Considering the results of our pilot study, we reduce the amount of questions and

only consider the linguistic quality of dialogues. Novikova et al. (2017) use a 6-point

Likert scale to evaluate dialogues for the following three aspects:

ˆ Informativeness (Does the utterance provide all the useful information from

the meaning representation?)

ˆ Naturalness (Could the utterance have been produced by a native speaker?)

ˆ Quality (How do you judge the overall quality of the utterance in terms of its

grammatical correctness and �uency?)

Referring to Novikova et al. (2017), we adapt the factors for our dialogue quality

evaluation, with Naturalness and Grammatical Correctness for our actual user studies

(see Figure 6.1 and Figure 6.2). Here we require participants to judge dialogue quality

on 5-point Likert scale by given positive statement (e.g. The dialogue is grammatically
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Fig. 6.2 A screenshot (one page) of the modi�ed survey forUser Study ii . Each page contains a
piece of either generated dialogue or original written dialogue, a question group for dialogue quality
evaluation, another three separate questions for personality identi�cation, and a question for story
genre identi�cation.
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correct). Therefore, the selection of(Strongly) agreedenotes good dialogue quality and

the selection of(Strongly) disagreedenotes bad dialogue quality.

For the part of personality identi�cation, we also provide human participants

with a statement of description of character's personality on the same 5-point Likert

scale. InUser Study i, The options 5-point Likert scale are set as same as ones for

dialogue quality, And for identifying each personality trait, there is a positive statement

presented (e.g. The character is extravert/emotionally stable/agreeable) as Figure 6.1

shown. Focusing on extraversion, the selection of(Strongly) agreedenotes participants

consider the given utterances are spoken by an extravert character. And(Strongly)

disagreeon the contrary. InUser Study ii , we keep the same 5-point Likert scale, but

with di�erent scale descriptions. For example, here, we useStrongly extravertrather

Strongly agreefor The character is extravert. And all options areStrongly extravert,

Extravert, Neutral, Introvert, Strongly introvert. And for the other two traits, the

descriptions are modi�ed similarly.

Last, for genre identi�cation, the participants are required to select the 1 or 2 most

likely genres from 5 options on given dialogues according to their judgements.

6.1.2 Material for Evaluation

In this chapter, all dialogues need to be evaluated are generated by the �ne-tuned

transformer-based neural network on our two �lm-level IMSDb corpora usingCTE

method. Given an input utterance as seed, three successive utterances are generated

automatically and then packed as a 4-turn dialogue along with the input seed. In order

to make the dialogue more readable for participants, we manually add annotations

(-A: and-B:) by turns before each utterance, conducive to be recognised as a dialogue

conducted between two characters. The format of a presented dialogue is as following:

-A: input seed.

-B: generated turn.

-A: generated turn.
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-B: generated turn.

Aiming to evaluate the impact of whether incorporating additional personalities

and incorporating di�erent personalities, given a same input utterance, we conduct

the material generating and grouping following procedures below:

ˆ Dialogue set 1, orNo-Personality (NOP) : Generating 1 pieces of dialogues

with no additional personality trait combination.

ˆ Dialogue set 2, orPersonality (PER): Generating 8 short pieces of dialogues

with 8 personality settings, i.e. one dialogue for each certain personality trait

combination.

ˆ Dialogue set 3, orSource-Script (SS): Collecting the dialogue starting with

this input utterance from original screenplay. (Ideally, it is more reasonable to

recruit an expertise writer to write 8 short pieces of dialogues with this input

utterance and with 8 personality trait combinations respectively.)

For the personalities, or the trait combinations, we speci�cally select two extreme

labels (i.e.High and Low) for each of three personality traits, but omitting label

Mediumas we did in Automatic Evaluation (Chapter 5), with the consideration of

simplicity. Therefore, for the dialogue setPER, a total of 8 (2 � 2 � 2) dialogues with

each personality trait combinations are used to be measured. An entire enumerate for

all personality trait combinations are:

1. (extrovert, emotionally stable, agreeable)

2. (extrovert, emotionally stable, disagreeable)

3. (extrovert, neurotic, agreeable)

4. (extrovert, neurotic, disagreeable)

5. (introvert, emotionally stable, agreeable)

6. (introvert, emotionally stable, disagreeable)

7. (introvert, neurotic, agreeable)

8. (introvert, neurotic, disagreeable)
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Fig. 6.3A screenshot (one page) of the published request on AMT.

Consequently, 10 pieces of dialogue are generated for each input seed (1 for set

NOP, 8 for setPER, and 1 for setSS). Also, we select 4 di�erent input seeds from

unused screenplays on 4 genres respectively. Therefore, each participant are asked to

review ¹1 ¸ 8 ¸ 1º � 4 = 40pieces of dialogue and make judgements. All dialogues for

evaluation are presented in Appendix B.1 and Appendix B.21.

6.1.3 Deployment

The survey is designed as work�ow which requires participants to make their judge-

ments on dialogues by answering same questions repeatedly. Considering this char-

acteristic, some simple survey platforms such as Google Forms2 do not meet our

requirements, because they merely allow us to present contents on a single page. We

�nally select a more professional survey platform called LimeSurvey3, which allow us

to publish a survey with multiple pages and group questions up with same purpose

(See Figure 6.1 and Figure 6.2). To make sure participants not to be informed that

whether a dialogue is generated or collected from original screenplay, the order of all

dialogues is randomised in the survey.

Because of the Covid-19 pandemic, it is not likely to recruit participants on the

campus in person. Therefore, we publish user studies through Amazon Mechanical

1ForUser Study ii , we select 13 dialogues of which the personalities inCorpus 2consist of more
than 2 traits that are more extreme than those inCorpus 1across 4 genres based on the comparison in
Section 4.2.3, plus¹1 ¸ 1º � 4 = 8 of setNOP and setSS, in total 21 dialogues.

2https://www.google.co.uk/forms/about/
3https://www.limesurvey.org/
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Turk (AMT)4 for recruiting crowdworkers as several NLG and storytelling works

evaluate textual generations (Liu et al., 2016; Novikova et al., 2017; Yang et al., 2020).

Considering the nature of the materials in these user studies, the only requirement

for the participants of interest is that they have to be native English speakers. We

assume the participants recruited who honestly quali�ed themselves pro�cient English

speakers with the principle ofassuming good faith. And then the recruited participants

can be directed to LimeSurvey to start the survey (see Figure 6.3).

6.1.4 Measuring

For the evaluations of dialogue quality and personality identi�cation, the participants

are asked to review each piece of dialogue and make their own judgement on each

question by grading according to an 5-point Likert scale, which then will be used as a

ordinal scale in categorical statistical analysis, as well as be converted to a quanti�ed

scale (from -2 to 2) for numerical statistical analysis:

We use normal wording in 5-point Likert scale for evaluating dialogue quality,

in which �Strongly Disagree� stands for worst quality and �Strongly Agree� for best

quality as our statements are positive.

ˆ -2 = Strongly Disagree (i.e. worst quality)

ˆ -1 = Disagree

ˆ 0 = Neutral

ˆ 1 = Agree

ˆ 2 = Strongly Agree (i.e. best quality)

And for the personality identi�cation, we use a similar measuring scale as for the

quality evaluation.

ˆ -2 = Strongly Introvert/Neurotic/Disagreeable

ˆ -1 = Introvert/Neurotic/Disagreeable

ˆ 0 = Neutral
4https://www.mturk.com/
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Fig. 6.4The results of dialogue quality evaluation from perspective of setting inUser Study i. Note
the setting �Personality� contains all 8 personality combinations.

ˆ 1 = Extravert/Emotionally Stable/Agreeable

ˆ 2 = Strongly Extravert/Emotionally Stable/Agreeable

for the evaluation of genre identi�cation, the measurement would be the percentage

of precision and recall for selections.

6.2 Results

There are total79 participants completed theUser Study i and total69 participants

completed theUser Study ii . In following sections, the results will be presented

with the order of dialogue quality, personality identi�cation, and genre identi�cation

perspective, and they will be compared between two user studies.

6.2.1 Dialogue Quality

Setting Perspective

Figure 6.4 and Figure 6.5 show the overall quality of generated dialogues inUser

Study i andUser Study ii respectively, which tend to be positive on all three settings.
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Fig. 6.5The results of dialogue quality evaluation from perspective of setting inUser Study ii . Note
the setting �Personality� contains all 8 personality combinations.

We also conduct a 1-tail T-test for comparing one of three setting against other two

pairwisely, in order to investigate the impact on dialogue quality of adding personality

information. We show the T-test results in Table 6.1. InUser Study i, we observe

that dialogues from source script perform better than generated dialogues in the

term of mean value, including with and without personality. And p-values show the

di�erences are signi�cant (0.993 and 0.977, equal to 0.007 and 0.023). Also, within the

scope of generated dialogues, those with personality have higher mean score than

those without personality.

setting setting #1 setting #2 pairwise
#1 vs #2 mean (std) mean (std) t-stats p-value

User Study i
P vs NP (Overall) 0.736(0.87) 0.725(0.87)0.311 0.378
P vs S (Overall) 0.736(0.87) 0.818(0.78)-2.449 0.993

NP vs S (Overall) 0.725(0.87) 0.818(0.78)-2.001 0.977

User Study ii
P vs NP (Overall) 0.685(0.93) 0.728(0.97)-0.921 0.821
P vs S (Overall) 0.685(0.93) 0.672(0.93)0.276 0.391

NP vs S (Overall) 0.728(0.97) 0.672(0.93)0.959 0.169
Table 6.1 1-tail T-test for dialogue quality on the overall perspective (aggregation of both) in two user
studies. The setting references: Personality - P, No-Personality - NP, Source-Script - S

While in User Study ii , we observe the opposite phenomena, with the generated

dialogues have higher quality mean scores than those from source script, as well as

dialogues without personality have higher mean score than those with personality.
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setting setting #1 setting #2 pairwise
#1 vs #2 mean (std) mean (std) t-stats p-value

User Study i

P vs NP (Grammar) 0.623(0.84) 0.576(0.86)0.909 0.182
P vs S (Grammar) 0.623(0.84) 0.680(0.76)-1.256 0.895

NP vs S (Grammar) 0.576(0.86) 0.680(0.76)-1.612 0.946
P vs NP (Naturalness) 0.850(0.89) 0.873(0.86)-0.461 0.677
P vs S (Naturalness) 0.850(0.89) 0.956(0.78)-2.242 0.987

NP vs S (Naturalness) 0.873(0.86) 0.956(0.78)-1.260 0.900

User Study ii

P vs NP (Grammar) 0.619(0.94) 0.630(0.98)-0.174 0.569
P vs S (Grammar) 0.619(0.94) 0.612(0.93)0.100 0.460

NP vs S (Grammar) 0.630(0.98) 0.612(0.93)0.222 0.412
P vs NP (Naturalness) 0.751(0.92) 0.826(0.95)-1.152 0.875
P vs S (Naturalness) 0.751(0.92) 0.731(1.01)0.286 0.388

NP vs S (Naturalness) 0.826(0.95) 0.731(1.01)1.128 0.130
Table 6.2 1-tail T-test for dialogue quality on the perspective of grammar and naturalness in two user
studies. The setting references: Personality - P, No-Personality - NP, Source-Script - S

Criterion Perspective

We also present the result from the perspective of quality criteria. In Table 6.2, It

can be observed that either inUser Study i or User Study ii , the mean scores of

Naturalnessevaluation are higher than the scores ofGrammarevaluation. Regarding

the settings, we notice that the distribution for each comparison has a similar trend to

the overall quality comparison.



6.2 Results 91

6.2.2 Personality Identi�cation

In this section, we present the results of personality identi�cation in two user studies.

For each personality trait, we describe the selections of participant and analyse them.

Extraversion vs. Introversion

Fig. 6.6 The results of personality identi�cation inUser study i on perspective of �extravert� and
�introvert�, along with �source-script� and �No-Personality� as controls.

Fig. 6.7The results of personality identi�cation inUser study ii on perspective of �extravert� and
�introvert�, along with �source-script� and �No-Personality� as controls.

Here we show the selections of participants regarding extraversion and introversion

for User Study i (see Figure 6.6) andUser Study ii (see Figure 6.7).

In User Study i (Figure 6.6), for the setting ofExtravert, we observe that 57.1% of

participants correctly select eitherExtravertor Strongly Extravert, comparing with
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the percentage ofIntrovertor Strongly Introvert(12.7%), which is corresponding to

our expectation. However, we also notice for dialogues with all four settings, the

percentage of participants who selectExtravertor Strongly Extravertis signi�cantly

higher than the opposite end, i.e.Introvertor Strongly Introvert. Therefore, although

the selection shows the mostly correct perception for the setting ofExtravert, there

exist possibilities that the participants are less able to perceive the di�erences between

the dialogues generated withExtravertpersonality andIntrovertpersonality, as the

percentage of selection ofExtravertor Strongly Extravertfor personalityExtravert

(57.1%) and personalityIntrovert(58.1%) are similar.

In User Study ii (Figure 6.7), we observe the similar distributions of selection

asUser Study i. There exists a slight change between the selections of personality

Extravertand personalityExtravert, where more participants perceive a dialogue with

personalityExtravertis Extravert(54.9%) than perceive a dialogue with personality

Introvertis Extravert(52.9%).

Emotional Stableness vs. Neurotics

Fig. 6.8The results of personality identi�cation inUser study i on perspective of �emotional stable�
and �neurotic�, along with �source-script� and �No-Personality� as controls.

Here we show the selections of participants regarding emotional stableness and

neurotics forUser Study i (see Figure 6.8) andUser Study ii (see Figure 6.9).
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Fig. 6.9The results of personality identi�cation inUser study ii on perspective of �emotional stable�
and �neurotic�, along with �source-script� and �No-Personality� as controls.

In User Study i (Figure 6.8), for the setting ofEmotionally Stable, we observe that

54.9% of participants correctly select eitherEmotionally Stableor Strongly Emotionally

Stable, comparing with the percentage ofNeuroticor Strongly Neurotic(13.6%), which

is corresponding to our expectation. However, we also notice for dialogues with all

four settings, the percentage of participants who selectEmotionally Stableor Strongly

Emotionally Stableis signi�cantly higher than the opposite end, i.e.Neuroticor Strongly

Neurotic. Therefore, although the selection shows the mostly correct perception for the

setting ofEmotionally Stable, there exist possibilities that the participants are less able

to perceive the di�erences between the dialogues generated withEmotionally Stable

personality andNeuroticpersonality, as the percentage of selection ofEmotionally

Stableor Strongly Emotionally Stablefor personalityEmotionally Stable(54.9%) and

personalityNeurotic(56.5%) are similar.

In User Study ii (Figure 6.9), we observe the similar distributions of selection

asUser Study i. There exists a slight change between the selections of personality

Emotionally Stableand personalityEmotionally Stable, where more participants per-

ceive a dialogue with personalityEmotionally Stableis Emotionally Stable(55.8%) than

perceive a dialogue with personalityNeuroticis Emotionally Stable(51.0%).
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Fig. 6.10The results of personality identi�cation inUser study i on perspective of �agreeable� and
�disagreeable�, along with �source-script� and �No-Personality� as controls.

Fig. 6.11The results of personality identi�cation inUser study ii on perspective of �agreeable� and
�disagreeable�, along with �source-script� and �No-Personality� as controls.

Agreeableness vs. Disagreeableness

Here we show the selections of participants regarding agreeableness and disagreeable-

ness forUser Study i (see Figure 6.10) andUser Study ii (see Figure 6.11).

In User Study i (Figure 6.10), for the setting ofAgreeable, we observe that 54.2% of

participants correctly select eitherAgreeableor Strongly Agreeable, comparing with the

percentage ofDisagreeableor Strongly Disagreeable(11.7%), which is corresponding

to our expectation. However, we also notice for dialogues with all four settings, the

percentage of participants who selectAgreeableor Strongly Agreeableis signi�cantly

higher than the opposite end, i.e.Disagreeableor Strongly Disagreeable. Therefore,

although the selection shows the mostly correct perception for the setting ofAgreeable,
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there exist possibilities that the participants are less able to perceive the di�erences

between the dialogues generated withAgreeablepersonality andDisagreeableperson-

ality, as the percentage of selection ofAgreeableor Strongly Agreeablefor personality

Agreeable(54.2%) and personalityDisagreeable(57.0%) are similar.

In User Study ii (Figure 6.11), we observe the similar distributions of selection

asUser Study i. There exists a slight change between the selections of personality

Agreeableand personalityAgreeable, where more participants perceive a dialogue with

personalityAgreeableis Agreeable(48.6%) than perceive a dialogue with personality

Disagreeableis Agreeable(45.5%).

Analysis

We present a summarised 1 tail T-test as Table 6.3 shows. In this table, the results are

categorised by personality trait into selection distributions, which then are used for

comparisons between two ends of each personality trait, in order to understand to how

much extent the personalities can be correctly identi�ed. For each personality trait, we

hypothesise that the score distributions of positive ends (Extravert, Emotionally stable,

Agreeable) would be greater than the negative ends (Introvert, neurotic, Disagreeable)

as our conversion from ordinal scale to numerical scale of 5-Likert scale.

Overall in Table 6.3, we observe in both user studies, the p-values in T-tests indicate

that our hypotheses are likely to be denied, i.e. the positive ends of personality traits

Table 6.3 1-tail T-test for personality identi�cation on the perspective two extreme ends of each
personality trait in two user studies. The setting references: Personality: P, No-Personality: NP,
Source-Script: S.

setting setting #1 setting #2 pairwise
#1 vs #2 mean (std) mean (std) t-stats p-value

User Study i
P(extra) vs P(intro) 0.551(0.91) 0.579(0.92)-0.784 0.784

P(emoti) vs P(neuro) 0.537(0.96) 0.566(0.96)-0.770 0.779
P(agree) vs P(disag) 0.521(0.89) 0.577(0.91)-1.550 0.939

User Study ii
P(extra) vs P(intro) 0.517(0.98) 0.475(0.92)0.620 0.268

P(emoti) vs P(neuro) 0.540(1.01) 0.483(1.00)0.780 0.218
P(agree) vs P(disag) 0.547(0.97) 0.514(1.00)0.484 0.314
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are NOT signi�cantly greater than the negative ends. Particularly in User Study i,

the p-values are even greater than 0.5, which indicates that the participants identify

personalities reversely, matching the mean values of distributions (the mean values of

setting #1 are lower than ones of setting #2). In User Study ii, we notice the trend of

correct identi�cation as all three p-values (0.268, 0.218, 0.314) are smaller than 0.5, as

well as the mean values of positive ends are greater than the ones of negative ends.

From the perspective of personality, some possible reasons of this observation could

beCorpus 2has more utterances with extreme personalities thanCorpus 1, and the

personality combinations with more extreme traits selected.

As shown in Figure 5.1 (right), in automatic evaluation, we notice that the system

�ne-tuned with CTEembedding method on �lm-level corpus has the worst personality

identi�cation accuracy, among all 6 settings. Therefore, it is understandable that the

generated dialogues with this setting are less perceivable for human participants in

terms of personality identi�cation.

There is also a potential reason from the perspective of survey design. In Per-

sonality Identi�cation of User Study i, it can be observed that participants tend to

select one polar end of each personality trait (i.e. extravert end rather than introvert

end, emotionally stable end rather than neurotic end, and agreeable end rather than

disagreeable end). However, participants were asked to select an option towards a

statement that only describes one polar end for each trait. For example, for statement

�character B is extravert�, participants are supposed to select �strongly disagree� if

they judge character B having a very introvert personality.

We hypothesis that this design probably is one of the reasons that cause participants

are inclined to select one polar end of each personality trait, which is the one we

state in the question description, i.e. �Character B isextravert .�, �Character B is

emotionally stable .�, and �Character B isagreeable.�. In this case, participants are

only informed explicitly one polar end of a personality trait, through text. Therefore,

it is reasonable to presume that not all of the participants have a clear and correct
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awareness that what the opposite polar end is in text. Or, even they do have the

knowledge about what the opposite polar end is, this implicit description could also

cause them to think twice, which may lead to random selecting of some impatient

participants.

6.2.3 Genre Identi�cation

Fig. 6.12The results of genre identi�cation inUser study i .

In the evaluation of genre identi�cation, participants are required to select the

most likely genre(s) for each dialogue. For each actual genre setting, participants are

provided 5 options: Action, Drama, Romance, Thriller, and Other. The results are

presented in Figure 6.12 forUser Study i and in Figure 6.13 forUser Study ii . In

each �gure, we show the percentage of genre selections and F1 score by genre.

In Figure 6.12, we show the selections of identi�cation for all four genre settings

as each sub-�gure. Note the red bar denotes the selection of genre matches the genre

setting, i.e. participants identify the �correct� genre. We notice the genre of drama has

the highest identi�cation precision (0.56) as well as highest F1 score (0.423). And the

genre of action has the lowest identi�cation precision (0.32) and F1 score (0.242). Also,
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Fig. 6.13The results of genre identi�cation inUser study ii .

expect the genre of drama, for the other three genres, the percentage of the correct

identi�cation precision is similar to each other.

In Figure 6.13, we show the selections of identi�cation as the preceded one. We

also notice the genre of drama has the highest identi�cation precision (0.6) as well as

highest F1 score (0.452). And the genre of action has the lowest identi�cation precision

(0.34) and F1 score (0.257). We also notice that for the genre of romance and thriller,

although the precision of the correct selection is not the highest, it is signi�cantly

higher than the other options.

Comparing Figure 6.12 with Figure 6.13 (see Table 6.4), we observe for all four

genres, the precision and F1 score have increased. Particularly, the F1 scores of the

genre of romance and thriller have increased by 16.96% and 19.21%.

Analysis

We noticed for all sub-�gures in Figure 6.12 and Figure 6.13, most participants select

drama regardless which the actual genre is. A possible reason could be drama is a

genre of broad scope which is able to include larger amount of �lms than other genres,
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Table 6.4 The results of genre identi�cation betweenUser study i andUser study ii on F1 score.

Action Drama Romance Thriller

User Study i 0.242 0.423 0.283 0.255
User Study ii 0.257 0.452 0.331 0.304
F1 Di�erence +6.2% +6.85% +16.96% +19.21%

such as romance and thriller, which are of a more narrow scope. Therefore, drama is

probably a default selection for participants if they are indecisive. This reason can also

explain the observation that the actual setting of drama has the highest identi�cation

precision than the other genre settings.

6.3 Summaries and Conclusions

In this chapter, we present two user studies we conduct for evaluating generated

dialogues on �lm-level corpora usingCTEembedding method, from the perspectives

of the dialogue quality, personality identi�cation, and genre identi�cation.

Overall in two user studies, the results of dialogue quality show most participants

(over 60%) have positive judgements on generated dialogues, and less than 10% of

participants have negative judgements. Although the positive judgements for original

script are slightly more than generated ones, this �nding still indicates that our

approach is able to generated dialogues with good quality.

For personality identi�cation, all results show that participants are inclined to

select one extreme end personality trait despite the settings, which does not meet

our expectation. One reason is about the personality level and embedding method

we use, and the other is about the survey design and deployment. Considering these

observations and analysis, a further user study needs to be conducted for evaluating

dialogues generated using scene-level personality as well as other embedding methods

(e.g.STEand/orSCE).

As for genre identi�cation, the results show, to some extents, the genre can be iden-

ti�ed correctly with our approach and corpus. Particularly, genre of drama achieved
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the highest identi�cation performance regarding F1 scores. In the further user study,

we consider to not include genre identi�cation because 1) it is less relevant to our

major research goal compared with personality identi�cation. 2) The genre might

not able to be learned properly as the neural network has not been fed with genre

information explicitly but only been trained on sub-datasets of di�erent genres.



Chapter 7

Human Evaluation - All Settings

In the Chapter 6, we present the details of the user studies as well as the results and

analysis. As the dialogues for evaluation in those user studies are generated using

CTEembedding method, it is necessary and reasonable to conduct a user study to

evaluate dialogues generated with both �lm and scene level of personalities using

various embedding methods and original language models.

7.1 Methodology

7.1.1 Metric and Measurement

In this user study, we evaluate dialogues from the perspectives of dialogue quality

and personality identi�cation. We do not include genre identi�cation for this time as

we only generate dialogues (See Appendix B.3) on drama dataset, which is the largest

subset of our corpus. Also, for dialogue quality evaluation and the evaluation of each

personality trait identi�cation, we follow our previous strategy that to use 5-Likert

scale to measure the judgement made by participants.

Di�erently from last user study, we use an overall dialogue quality (In terms of

grammar, naturalness, and believability) instead of evaluating two aspects separately,

which are grammatically correctness and naturalness. And we change the descriptions
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Fig. 7.1A screenshot (one page) of the survey forUser Study iii . Each page contains a piece of either
generated dialogue or original written dialogue, a question for dialogue quality evaluation, and three
questions for personality identi�cation.

from a positive statement like �The dialogue is grammatically correct� with �Agree�

and �Disagree� options, to a more neutral statement like �The quality of this dialogue

is� with �Good� and �Bad� options. We believe to list the options more explicitly can

help participants making judgements objectively.

For the identi�cation of three personality traits, we follow the measurements used

in previous user studies.

An example of the survey for this user study is shown as Figure 7.1.

7.1.2 Material for Evaluation

We select 2 sentences (one question, and one statement, see below) from the test set of

our IMSDb corpus as the input seeds for follow-up generations.
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1. What on earth do you think the baby will be doing?!

2. All I'm asking is enough gas to get me to New York. The bag's worth twenty-�ve

dollars.

For each input seed, we generate dialogues with 6 di�erent embedding methods or

dialogue generation approaches, as well as collect the dialogue started with identical

input seed for further comparison.

There are two types of generation conducted, which are with personality and

without personality. For the generation with personality, we use 3 di�erent embedding

methods (CTE, SCE, andSTE) as introduced in Chapter 4, plus use StyleDGPT (Yang

et al., 2020), an advanced stylistic dialogue generation system. And for the generation

without personality, we use the original DialoGPT (Zhang et al., 2020) as well as the

DialoGPT �ne-tuned on our IMSDb corpus.

For the personality trait combination, instead of using exhaustive eight combi-

nations, two extreme combinations are selected for this user study, i.e. (extravert,

emotionally stable, agreeable) and (introvert, neurotic, disagreeable). Also for the

personality level, both �lm-level and scene-level personalities are used for training

process and the generations with these two levels personality are evaluated.

Therefore, for each method of generation with personality (4 in total) and each

input seed (2 in total), dialogues are generated with two levels personality and two

personality trait combinations, which lead to2 � 2 � 2 � 4 = 32dialogues. And for the

generations (3 in total) without personality, we have2 � 3 = 6 dialogues. Particularly,

two dialogues generated by the �ne-tuned DialoGPT are repeated for validating the

participants' attention. Consequently, each participant is supposed to evaluate 40

dialogues in total.
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