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R É S U M É

Un réseau de personnages représente des personnages comme des sommets dans un graphe,
et leurs relations comme les arêtes entre ces sommets. Dans le cas des oeuvres littéraires, ils
permettent de modéliser un récit entier en utilisant un seul objet mathématique. En fonction
des besoins, leurs arêtes peuvent représenter différents types d’interactions : co-occurrence,
conversation, action directe. . . De plus, les changements temporels dans les relations peu-
vent être modélisés avec des réseaux dynamiques. Grâce à cette flexibilité, les réseaux de
personnages ont été utilisés pour s’attaquer à plusieurs tâches, comme la classification de
genre littéraire, la segmentation de récit, la recommandation ou le résumé automatique. Ex-
traire ces réseaux manuellement est cependant coûteux, et de nombreux chercheurs sont donc
intéressés par l’automatisation de ce processus. Cette automatisation nécessite de résoudre
différentes tâches de traitement du langage naturel telles que la reconnaissance d’entités nom-
mées (REN), la résolution de coréférences ou l’attribution de locuteur.

Dans cette thèse, nous présentons des contributions à ce processus d’extraction automa-
tique dans le cas des romans, ainsi qu’à des applications des réseaux de personnages. Nous
proposons Renard, un pipeline d’extraction modulaire que nous mettons à disposition sous
une licence libre. Nous l’utilisons pour mieux comprendre la performance des pipelines exis-
tants en étudiant l’impact des erreurs de REN et de résolution de coréférences sur la qualité
des réseaux extraits. Nous observons que la performance des deux tâches est importante, et
dépend fortement du roman étudié. Pour la résolution de coréférences, nous notons égale-
ment que l’impact dépend du type d’erreur : la précision des liens de coréférence extraits est
particulièrement importante afin de détecter des personnages.

En outre, nous identifions et contribuons à deux défis des systèmes d’extraction de réseaux
de personnages. Le premier est le manque de données littéraires pour entraîner ces systèmes.
Nous nous nous y attaquons 1) en proposant un nouveau jeu de données littéraire couvrant
la REN et la résolution d’alias et 2) en proposant d’utiliser une technique d’augmentation de
données, le remplacement de mentions, dans le cas de la REN inter-domaines. Le second défi
que nous identifions est la portée limitée des modèles à base de transformers, qui peut être
préjudiciable à la performance de certaines tâches. Nous proposons de récupérer du contexte
pertinent au niveau du document pour atténuer le manque d’information induit par cette
faible portée, et montrons que cela peut augmenter la performance de la tâche de REN.

Enfin, nous présentons des contributions aux applications des réseaux de personnages dans
le cadre de deux études de cas. Premièrement, nous utilisons des réseaux modélisant dif-
férents types d’interactions dans une analyse de Lorenzaccio d’Alfred de Musset. En utilisant
la détection de communautés, nous identifions les intrigues de la pièce, quantifions leurs
importances relatives et déterminons les interactions entre elles. De plus, nous proposons
une méthode automatique pour détecter des conspirations. Deuxièmement, nous proposons
d’employer les réseaux de personnages pour résoudre la tâche d’alignement narratif sur trois
adaptations du Trône de Fer de George R. R. Martin : les romans originaux, les comics adap-
tés de ceux-ci et la série télévisée. Nos résultats montrent que les méthodes basées sur les
réseaux peuvent être meilleures que celles basées sur le texte, et peuvent être combinées avec
ces dernières pour améliorer la performance. Nous mettons aussi en valeur l’importance
de réaliser la tâche d’alignement sur des unités narratives commensurables. Dans ces deux
études de cas, nous montrons l’intérêt des réseaux dynamiques.

iii

[ December 16, 2024 at 20:23 – classicthesis version 4.2 ]



A B S T R A C T

A character network represents characters as vertices in a graph, and their relationships as
edges between them. In the case of literary works, they model a whole narrative using a sin-
gle mathematical object. Depending on the needs, their edges can represent different types
of interactions between characters: co-occurrence, conversation, direct action. . . Additionally,
the temporal changes in the relationships between characters can be modeled with dynamic
networks. Thanks to this flexibility, character networks have been used to tackle a number
of tasks, such as literary genre classification, story segmentation, recommendation or summa-
rization. Manually extracting these networks is costly, which is why many researchers inter-
ested in automating the process. This, in turn, requires solving different Natural Language
Processing (NLP) tasks such as Named Entity Recognition (NER), coreference resolution or
speaker attribution.

In this thesis, we present contributions to this automatic extraction process in the case of
novels, as well as to character network applications. Inspired by the 2019 survey of Labatut
and Bost that summarizes existing extraction efforts in a generic extraction framework, we
propose Renard, a modular character network extraction pipeline that we release under a free
license. We use Renard to better understand the performance of existing extraction pipelines
by studying the impact of NER and coreference resolution errors on the quality of extracted
networks. We find that both tasks’ performance is important to network quality and depends
strongly on the novel. In the case of coreference resolution, we also observe that different
errors do not have the same impact: linking precision is particularly important when it comes
to correctly detecting characters.

Additionally, we identify and work on two challenges of automatic character network ex-
traction systems. The first one is the lack of literary data to train such systems. We tackle this
challenge by 1) releasing a new literary dataset covering the NER and character unification
tasks; and 2) proposing to use a NER data augmentation scheme, mention replacement, to al-
leviate the issue of unseen name style in the case of cross-domain NER. The second challenge
we identify is the limited range of transformers-based models, which can be detrimental to
performance in some tasks. We propose to retrieve relevant context at the document level to
mitigate the lack of information induced by that lack of range, and show that it can increase
performance for the NER task.

Finally, we present contributions in character network applications on two case studies.
First, we leverage networks modeling different types of interactions (co-occurrence, mention
and conversation) on an analysis of Alfred de Musset’s Lorenzaccio. By using community de-
tection on a co-occurrence network, we identify subplots, quantify their relative importance
and find interactions between them. Additionally, we propose a method to detect automat-
ically conspiracies using our dynamic mention and conversational networks. Second, we
propose to leverage character networks to perform narrative matching (i.e. the task of match-
ing corresponding narrative units) on three different adaptations of George R. R. Martin’s A
Song of Ice and Fire across media: the original novels, the comics directly adapted from these
and the HBO TV show. Our results show that network-based methods can outperform exist-
ing text-based ones, and can even be combined with them to increase performance. We also
highlight the importance of working on commensurate narrative units. In these two case stud-
ies, we leverage dynamic networks and show their interest, despite their relative underusage
in the character network literature.
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A C R O N Y M S

API . . . . . . . . . . . . . Application Programming Interface

BERT . . . . . . . . . . . Bidirectional Encoder Representations from Transformers

BIO . . . . . . . . . . . . Beginning, Inside, Outside

BM25 . . . . . . . . . . Best Match 25

CNN . . . . . . . . . . . Convolutional Neural Network

DNN . . . . . . . . . . . Deep Neural Network

E2E . . . . . . . . . . . . . End-To-End

GNN . . . . . . . . . . . Graph Neural Network

GPT . . . . . . . . . . . . Generative Pre-trained Transformer

IE . . . . . . . . . . . . . . Information Extraction

IO . . . . . . . . . . . . . . Inside, Outside

LLM . . . . . . . . . . . . Large Language Model

MPNN . . . . . . . . . Message Passing Neural Network

NER . . . . . . . . . . . . Named Entity Recognition

NLP . . . . . . . . . . . . Natural Language Processing

OWTO . . . . . . . . . Out With The Old, Dekker et al. [59]’s NER dataset

PDNC . . . . . . . . . . Project Dialogism Novel Corpus

Renard . . . . . . . . . Relationships Extraction from NARrative Documents

RNN . . . . . . . . . . . Recurrent Neural Network

TF-IDF . . . . . . . . . Term Frequency - Inverse Document Frequency

XML . . . . . . . . . . . Extensible Markup Language
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1
I N T R O D U C T I O N

Contents
1.1 Contributions 3

1.2 Published Articles and Resources 4

1.3 Organization of the Manuscript 6

In his 2003 book, Woloch [224] chooses to perform literary analysis through the lens of char-
acters rather than plot. For this purpose, he introduces the concept of character-system: each
character defines its own character-space, its position in a space composed of other elements of
the plot such as places or other characters, and the union of these character-spaces forms the
character-system. This idea that a fictional narrative can be represented through its characters
has found its way to Computer Science and Network Science researchers in the form of char-
acter networks: graphs where vertices represent characters and edges their relationships (see
Figure 1 for an example). Since character networks transcribe a sort of character-system [138],
they have largely been applied to literary analysis [69, 71, 100, 138, 169, 170, 182]. Researchers
in that area take advantage of topological measures developed to describe complex networks,
to complement traditional “close reading” approaches (i.e. the detailed manual interpretation
and analysis of a text) and obtain new insights. But literary analysis is not the only domain
where character networks have found success. Graphs are expressive objects that can be used
to model and solve numerous problems. In the case of character networks, vertices can have
individual properties and edges can reflect different kinds of relationships. The temporal
evolution of relationships can also be represented through dynamic networks (as opposed
to static networks that depict an entire work in a single graph). Overall, this expressiveness
makes character networks very versatile. Additionally, they can be leveraged by machine
learning algorithms through graph learning techniques [232]. Thus, they can be used to
tackle automatically a number of tasks, such as automatic literary genre classification [23, 24,
91, 93], character classification [115, 140, 167, 169], story generation [173–175], story segmen-
tation [136], recommendation [115], storyline detection [152, 214–216], narrative alignment [9]
(see Section 6.2) or summarization [44, 45, 62, 198–200]. This profusion of applications shows
that the social structure of fictional works is relevant for many problems.

While character networks are useful in a number of tasks, their manual extraction poses
a resource problem as it is costly, so much so that some researchers retort to crowdsourc-
ing [170]. This prohibitive cost creates an interest in the automatic extraction of character
networks, which represents a challenge for the AI community. Depending on the medium
(cinema, theater, novels. . . ), different subfields of AI are concerned, mainly Natural Language
Processing (NLP), computer vision and speech processing. In the case of novels, the main fo-
cus of this thesis, NLP in particular is leveraged to detect characters and their occurrences
through the tasks of Named Entity Recognition (NER) and coreference resolution, and to
understand their interactions with tasks such as sentiment analysis, relationship extraction
or event detection. With the advent of pre-trained transformer-based models [60, 203] and,
more recently, Large Language Models (LLMs) [46], NLP has enjoyed rapid progress in many
of these tasks. NER performance has progressed from 88.76 F1 in 2003 [74] to 94.6 F1 in
2021 [208] on the widely used CoNLL-2003 dataset [195], and coreference resolution has pro-

1
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Figure 1.: Co-occurrence character network automatically extracted from Edmond Hamilton’s The Star
Kings using Renard [20]. Vertex color and size represent degree.

gressed from 64.21 CoNLL F1 in 2016 [222] to 83.3 in 2022 [40] on the popular OntoNotes v5

dataset [213]. These improvements are beneficial to character networks, as better solving NLP
tasks needed for extraction is likely to result in better networks.

However, progress remains limited in some aspects. Some tasks, such as coreference res-
olution, are still difficult and far from solved [118]. Moreover, processing long texts (such
as full novels) is challenging and resource intensive [192]. This is particularly the case for
transformer-based models: while they are the backbones of recent advances in NLP, the
quadratic complexity of their attention mechanism in the number of input tokens is a weak-
ness when it comes to processing long sequences. A common workaround is to process long
documents in chunks, with a rolling window, which can have adverse consequences on per-
formance depending on the task at hand [16, 17]. Some research directions are explored to
alleviate that problem: sparse transformers, such as Longformer [37] or Big Bird [237], are
tailored to process long texts due to their lower complexity compared to the vanilla trans-
former. Still, depending on their length, long sequences can remain difficult [192]. Another
direction is information retrieval: instead of taking a whole document as input, it is possible
to retrieve relevant contextual information in order to handle the task locally. This informa-
tion can either be external, i.e. it comes from a separate knowledge base, or internal, from the
same document. For NER, since most existing datasets consists of short documents that can
be processed in a single pass, context retrieval is most often external [120, 123, 180, 209, 240].
As external sources are not always available, this motivates us to propose a document-level
retrieval system in this thesis.

The difficulty to work with long texts is also a motivation for the usage of character net-
works, as they can be used to represent them with a simple and lightweight mathematical
object: a graph. Since it is difficult to obtain a text-based embedding of a long document,
as highlighted above, character networks are a good candidate to fulfill that representational
need, as evidenced by the many applications they are useful for. Still, recent graph learning
techniques such as graph neural networks (GNNs) remain underexplored for some applica-
tions (see Chapter 2 for more details), which prompts for more research in that area.

2
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An additional limit of recent progress in NLP is the lack of literary datasets. This is an
important issue when training or evaluating models, as the lack of data leads to lower perfor-
mance. Some datasets exist for singular tasks, such as OWTO [59] for NER and PDNC [205]
for speaker attribution. But, arguably, one of the most central literary dataset is Litbank. It
has annotations for NER [30], coreference resolution [29], event detection [183] and speaker
attribution [182]. Unfortunately, Litbank excerpts are short, each having a length of approxi-
mately 2, 000 words, which prevents from studying and improving the performance of models
on long documents of the size of a novel. Overall, the lack of literary data is a problem, and
we tackle it in two ways in this thesis. First, by proposing a new literary NER dataset, Novel-
ties [10, 11]. Second, by trying to mitigate the effects of this lack of data on NER performance
using data augmentation to solve the specific problem of unseen name styles in the training
dataset.

This thesis is dedicated to character networks, their automatic extraction and their appli-
cations, with a particular focus on fictional novels. Our goals are to assess the performance
of currently existing character network extraction algorithms, to contribute to their advance-
ments and to study their applications in new contexts. Additionally, we make an effort to
consider dynamic networks, which are overall less studied than static ones but can model
the temporal evolution of characters’ relationships. Toward these goals, we develop multiple
software tools that we release freely for the community, such as our modular Renard network
extraction library [20]. We also release a new literary NER dataset, Novelties [10, 11].

1.1 contributions

In this thesis, we make the following contributions in the field of NLP in general, and more
specifically character network extraction and analysis:

• Renard and Network Extraction Performance In Chapter 3, we present Renard [20], our
modular character network extraction pipeline. Importantly, Renard can extract static as
well as dynamic networks. We propose new network quality measures and benchmark
Renard by adapting the existing Litbank [29, 30, 183] dataset.

• Network Extraction Error Analysis Using Renard, we study the impact of NLP tasks’
errors on the quality of extracted networks. We introduce a new degradation-based
method to study that impact, and apply it to derive new insights. We demonstrate that
NER and coreference resolution performance are crucial to network quality, but that not
all coreference resolution errors have the same impact.

• NER Dataset As there is a general lack of existing literary NER dataset, we introduce
the Novelties dataset in Chapter 3. Specifically, we use Novelties v0.1.0 throughout ex-
periments of this thesis, which is composed of approximately the first chapters of 40
novels.

• NER Performance In Chapters 4 and 5, we propose methods to improve NER per-
formance for the specific case of novels, in order to improve the quality of extracted
networks:

– We apply mention replacement, a data augmentation method, to cross-domain
NER in the specific setup where some name styles are not present in the training
dataset. We show that it can bring important Recall improvements.

– We highlight the importance of document-level context in the case of literary NER,
and develop a method to train a neural context retriever on synthetic dataset we

3
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generate with an LLM. We demonstrate that retrieving context using this model
can improve NER performance on a dataset of novels.

• Applications In Chapter 6, we make contributions to character networks applications
through two case studies. First, we perform literary analysis on Alfred de Musset’s
Lorenzaccio using three networks modeling different types of interactions: co-occurrence,
conversation and mention. We extract subplots through community detection, and pro-
pose first steps to automatically detect conspiracies with character networks. Second,
we utilize networks for narrative matching, the task of aligning narrative units of two
adaptations of the same story, on different adaptation of George R. R. Martin A Song of
Ice and Fire across media. We show that they can outperform text-based methods. To our
knowledge, it is the first time that character networks are applied to narrative matching.
We also highlight that they can successfully be combined with text-based methods to
improve performance further. In both case study, we make use of dynamic networks.

For all of our contributions, we systematically make available the related source code, data
and artifacts to encourage reproducibility.

1.2 published articles and resources

Throughout this thesis, we published the following articles related to the current manuscript:

international conferences/workshops with peer review

• A. Amalvy et al. “Data Augmentation for Robust Character Detection in Fantasy Nov-
els.” In: Workshop on Computational Methods in the Humanities (COMHUM). 2022, p. 03617722.
url: https://hal.archives-ouvertes.fr/hal-03617722 [12] (Chapter 4)

• A. Amalvy et al. “The Role of Global and Local Context in Named Entity Recognition.”
In: 61st Annual Meeting of the Association for Computational Linguistics. Vol. 2. 2023,
pp. 714–722. doi: 10.18653/v1/2023.acl-short.62 [17] (Chapter 5)

• A. Amalvy et al. “Learning to Rank Context for Named Entity Recognition Using a
Synthetic Dataset.” In: Conference on Empirical Methods in Natural Language Processing.
2023, pp. 10372–10382. doi: 10.18653/v1/2023.emnlp-main.642 [16] (Chapter 5)

• A. Amalvy et al. “The Role of Natural Language Processing Tasks in Automatic Liter-
ary Character Network Construction.” In: 31st International Conference on Computational
Linguistics. 2024 [21] (Chapter 3)

international peer-reviewed journals

• A. Amalvy et al. “Interconnected Kingdoms: Comparing ’A Song of Ice and Fire’ Adap-
tations Across Media Using Complex Networks.” In: Social Network Analysis and Mining
(2024). doi: 10.1007/s13278-024-01365-z [9] (Chapter 6)

• A. Amalvy et al. “Renard: A Modular Pipeline for Extracting Character Networks from
Narrative Texts.” In: Journal of Open Source Software 9.98 (2024), p. 6574. doi: 10.21105/
joss.06574 [20] (Chapter 3)

4

[ December 16, 2024 at 20:23 – classicthesis version 4.2 ]

https://hal.archives-ouvertes.fr/hal-03617722
https://doi.org/10.18653/v1/2023.acl-short.62
https://doi.org/10.18653/v1/2023.emnlp-main.642
https://doi.org/10.1007/s13278-024-01365-z
https://doi.org/10.21105/joss.06574
https://doi.org/10.21105/joss.06574


national conference with peer review

• A. Amalvy et al. “Remplacement de mentions pour l’adaptation d’un corpus de recon-
naissance d’entités nommées à un domaine cible (Mention Replacement for the Adap-
tation of a Named Entity Recognition Dataset to a Target Domain).” In: 29e Conférence
sur le Traitement Automatique des Langues Naturelles. Vol. 1. 2022, pp. 197–204. url:
http://talnarchives.atala.org/TALN/TALN-2022/8782.pdf [14] (Chapter 4)

• A. Amalvy et al. “Apprendre à classer le contexte pour la reconnaissance d’entités
nommées en utilisant un jeu de données synthétique (Learning to Rank Context for
Named Entity Recognition Using a Synthetic Dataset).” In: COnférence en Recherche
d’InformAtion. 2024. url: http://coria.asso-aria.org/2024/articles/abstract_10/
main.pdf [19] (Chapter 5)

oral communications

• A. Amalvy et al. “Dynamique des relations dans Lorenzaccio : modélisation par réseaux
complexes (Relationships Dynamics in Lorenzaccio: Modeling through Complex Net-
works).” In: Journées d’Informatique Théâtrale. 2024. url: https://ictt.univ-avignon.
fr/jit2024en/ [8] (Chapter 6)

softwares

• Renard1 (Relationships Extraction from NARrative Documents): a modular character
network extraction pipeline in Python.

• Tibert2: A Python package for end-to-end coreference resolution with a friendly API.

• Grimbert3: A Python package for neural speaker attribution in novels.

datasets

• Novelties v0.1.0 and v1.0.0 [10, 11] (Chapter 3): A literary NER and character unification
dataset.

models

• compnet-renard/bert-base-cased-literary-coref4: An English literary coreference
model trained on Litbank [29].

• compnet-renard/bert-base-cased-literary-NER5: An English literary NER model trained
on Novelties v0.1.0 (see Chapter 3).

• compnet-renard/camembert-base-literary-NER6: A French literary NER model trained
on the dataset described by Alrahabi et al. [6].

• compnet-renard/bert-base-cased-NER-reranker7: A model trained on synthetic data
to retrieve useful context to assist NER models (see Chapter 5).

1 https://github.com/CompNet/Renard

2 https://github.com/CompNet/Tibert

3 https://github.com/CompNet/Grimbert

4 https://huggingface.co/compnet-renard/bert-base-cased-literary-coref

5 https://huggingface.co/compnet-renard/bert-base-cased-literary-NER

6 https://huggingface.co/compnet-renard/camembert-base-literary-NER

7 https://huggingface.co/compnet-renard/bert-base-cased-NER-reranker
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• compnet-renard/spanbert-base-cased-literary-speaker-attribution8: A literary speaker
attribution model trained on PDNC [205] (see Chapter 3)

1.3 organization of the manuscript

This thesis is organized as follows. In Chapter 2, we formally introduce the notion of character
networks, provide an overview on how to extract them from written narratives, and of their
multiple applications. In Chapter 3, we delve into the details of the extraction process. We
survey the NLP tasks needed to extract networks, and present Renard, our extraction pipeline.
We describe this pipeline in detail, assess its performance and study the impact of errors on
the quality of extracted networks. Then, in Chapter 4 and 5, we strive to alleviate some of
these errors. In Chapter 4, we tackle the problem of cross-domain NER (specifically, the case
of unseen entity names in the training dataset) using mention replacement, a data augmen-
tation technique. In Chapter 5, we focus on the range limitation issue of transformer-based
models and its impact on NER performance, and mitigate it by training a model to retrieve
relevant context at the document level. We dedicate Chapter 6 to contributions highlighting
the applications of character networks. First, we show how they can be used for literary anal-
ysis in a case study on Lorenzaccio, a 19th century French theater play by Alfred de Musset.
Second, we demonstrate how they can be used for narrative matching in another case study
on George R. R. Martin’s A Song of Ice and Fire, a contemporary series of fantasy novels that
was adapted to multiple media. In both cases, we employ dynamic networks, highlighting
their interest despite the fact that they are underused compared to static ones. Finally, we
summarize our work and propose some perspectives in the closing Chapter 7.

8 https://huggingface.co/compnet-renard/spanbert-base-cased-literary-speaker-attribution
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C H A R A C T E R N E T W O R K S B A C K G R O U N D
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The abundant literature concerning character networks is a testament to their usefulness.
Their ability to serve as a compact representation of a narrative makes them extremely ver-
satile. Networks can be used as-is, as a support for narrative visualization or descriptive
analysis, or as input to graph learning algorithms to solve many different tasks such as clas-
sification, recommendation or story segmentation. Furthermore, they can be extracted from
different types of media (novels, theater plays, movies, comics. . . ), and can therefore act as
a unified representation between these different media. This unified representation property
has interesting applications, for example the ability to use character networks extracted from
different media in the same task. We show in Section 6.2 how that property can be useful
in a concrete case. More generally, character networks are an example of complex networks:
networks that have specific properties often found when they describe real-world systems.
Complex networks are used in a lot of research areas [54], from neuroscience [35] to electric
power system design [176]. This means that character network applications can benefit from
tools developed for other purposes and vice versa.

The interest of character networks naturally poses the question of how to extract them, and
of the efforts required to do so. As stated earlier, they can be extracted from many types
of media. Depending on the medium, doing so manually can be very time-consuming. In
the case of novels, the main focus of this thesis, one has to annotate which characters appear
and when and how they interact together. This process is very costly, so much so that some
authors rely on simplified annotation frameworks: for example, Rochat and Triclot [170] re-
tort to a simple page-level index of character occurrences. Researchers therefore developed
AI methods to automatically extract character networks, helped recently by the rise of deep
learning techniques and their application to NLP. For novels specifically, the recent advances
in information extraction tasks such as NER or coreference resolution are particularly impact-
ful.

In this chapter, we present the general field of character networks, restricting ourselves to
novels unless stated explicitly. That chapter is meant as an overview rather than an exhaustive
survey of the field. We start by giving a definition of character networks along with examples
in Section 2.1. Then, we present the generic extraction framework from Labatut and Bost
[110] in Section 2.2. It summarizes previous work on automatic extraction in a single, generic
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pipeline. We only give a high-level overview of that pipeline: we dedicate Chapter 3 to the
NLP tasks that constitute it. We review the main topological measures that are important
in the context of character network applications in Section 2.3. Before focusing on these
various applications in Section 2.5, we propose a brief overview of graph learning techniques
in Section 2.4.

2.1 a definition of character networks

Before giving a definition of character networks, let us start by quickly defining what is a
graph1. A simple graph is a pair G = (V, E), where V is a set of vertices and E ⊆ V2 a set of
edges between them. It can alternatively be represented with its adjacency matrix AG, where
cell AGij of the matrix is 1 if vertices i and j are connected by an edge, or 0 otherwise. A simple
graph can model the relationships between a set of related elements, but only in a binary way:
either there exists an edge in E between two vertices of V or not. To model more complex
relationships, other and more general types of graphs can be employed. Directed graphs have
oriented edges, meaning the pairs of vertices that form them are ordered, which enables
them to model asymmetric relationships. Weighted graphs have weighted edges, which can
be represented as triplets (u, v, w) ∈ V × V × R where w is the weight of the edge, to model
the intensity of relationships. Signed graphs have signed edges (u, v, s) ∈ V × V × {−,+},
where the sign s can model the polarity of a relationship. For all of these different types of
graph, the adjacency matrix is slightly adapted. For directed graphs, a non-zero element AGij

indicates an edge from i to j. For weighted graphs, elements of the matrix are not restricted
to 0 or 1 but can take a value in R denoting edge weight. For signed graphs, elements can
take a value in {0, 1,−1}.

Simply put, a character network is a graph (or a series of graphs in the case of dynamic net-
works) extracted from a narrative medium where vertices V represent characters while edges
E represent their relationships. This definition, while simple, does not reveal the diversity of
networks that it is possible to extract, as can be seen in Figure 2. Vertices can have attributes
that make them more informative, such as the social category of a character, its gender, its
wealth or its allegiance. As defined earlier, edges can be of different types. An unweighted
edge only represents a binary status of relationship (see Figure 2a), but a weighted edge often
represents the importance of a relationship between two characters (Figure 2b). A directed
edge can depict asymmetric relationships (Figure 2d), while a signed edge can represent the
polarity of their relationship (Figure 2c).

Since networks are extracted by different means, the meaning of vertices and edges directly
depends on the underlying extraction algorithm. By definition, vertices always represent
characters, but edges can represent a variety of different relationships: co-occurrences be-
tween characters in a text, conversations between them, direct interactions or even precise
social relationships.

So far, we described static character networks: a single graph is used to represent a whole
narrative. It is also possible to extract a dynamic character network [4, 94], which is a network
that evolves through time to represent the evolution of characters and their relationships. For
simplicity, such a network can be represented with a series of graphs G = (G1, G2, . . . , Gn)

where Gt = (Vt, Et). Each graph in that series is extracted within a sliding temporal window
that defines the temporal start and end of the represented period. These temporal windows
are not necessarily disjointed, and can overlap. In the case of novels, a frequently used tem-
poral window is the chapter [2, 23, 83, 160], but it can be selected depending on the appli-

1 We use the terms “graph” and “network” interchangeably throughout this manuscript.
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(a) Simple network, where two characters are
linked if they co-occur in the text.
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(b) Weighted network. Edge width and color
indicate the number of co-occurrences.
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(c) Signed co-occurrence network obtained
with additional sentiment analysis.
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mentioned character. Edge width corre-
sponds to the number of mentions.

Figure 2.: Different character networks from Moorcock’s Elric of Melniboné, automatically extracted
using Renard [20]. In all of these networks, vertex size and color represent their degree.

cation. When each graph of the series represents only the interactions and characters from
its assigned temporal period, the dynamic network is said to be instant. By contrast, in a
cumulative network, each graph consists of all the characters and interactions that occurred in
and before the considered period. Thus, the final cumulative network is equal to the static
network extracted from the same source. Figure 3 illustrates the extraction of a dynamic
network with overlapping temporal windows.

2.2 generic extraction framework

Now that we discussed the basics of character networks, we focus on how to extract them.
In their survey, Labatut and Bost [110] explore the works of different researchers interested
in character networks in fiction. From these works, they derive a generic 3-phase extraction
framework that can be seen in Figure 4. This framework is generic relative to the source
medium (novels, films, . . . ), but for our purposes we limit ourselves to novels.

In the first phase, extraction systems strive to extract characters in a given text. They start
by detecting character occurrences in the source text. Depending on the type of extracted
network, these occurrences can comprise character appearances, evocations, or both. Then,
they unify these occurrences by associating each of these to a unique character. This process
amounts to detecting characters and all of their mentions in the source text.
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Figure 3.: Example of a dynamic character network extracted from a narrative. In this example, the
narrative is cut in three temporal windows with overlap.

The second phase consists of detecting interactions between characters. Depending on the
application, one can extract different kinds of interactions: Labatut and Bost [110] mention
five different types. The simplest form is co-occurrence, where one considers that two char-
acters are interacting when they are mentioned close to each other in the source text, in a
window we call the co-occurrence window. This window can be defined with different units
depending on the application: tokens, sentences, paragraphs, chapters. . . Co-occurrence is, of
course, a less-than-perfect approximation where we suppose that two characters likely have
some form of interaction when they are mentioned together in the source text, but the exact
nature of that interaction is not extracted. At the opposite end of the extraction difficulty
spectrum, a direct action interaction is recorded when a character affects another directly, for
example in a physical interaction. There also exists conversational interactions, where we reg-
ister an interaction when two characters discuss together. In conversations, one can also focus
on cases where a character talks about another by focusing on mentions of other characters.
Finally, affiliation interactions are meant to register the social relationships between characters.
These can consist of familial (e.g. a character being the son of another one) or societal (e.g. a
character being the boss of another one) relationships.

The final extraction phase consists of constructing a character network (either static or
dynamic) from the previously extracted interactions. Given these, this process is purely algo-
rithmic and completely deterministic.

The first and second phase correspond to solving NLP tasks, while the third phase is a
comparatively simpler algorithmic problem. The first phase is associated to NER, coreference
resolution, and character unification (also known as alias resolution). The tasks that must be
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Figure 4.: The generic extraction framework from Labatut and Bost [110].

solved to carry the second phase are as diverse as the different kinds of interactions one can
extract: speaker attribution is essential to extract conversational interactions, while relationship
extraction can be used to extract affiliations and event extraction to extract direct actions. We
discuss some of these tasks in more details in Chapter 3.

2.3 topological measures

Once networks are extracted, information can be obtained from them. Topological measures
designed for complex networks in general are commonly used for that purpose. These mea-
sures can sometimes be used as features for learning algorithms, and some of these are di-
rectly interpretable and can be used to manually extract knowledge from character networks.
These measures can be defined locally, at the edge or the vertex level, or globally at the graph
level. Due to their importance, we describe the most relevant ones when it comes to character
networks in this section.

vertex centrality Centrality is a measurement of the importance of each vertex in a
network, that can be interpreted as the importance of a character relative to other characters in
a narrative. There are, however, different centrality measures, each with a different interpre-
tation. Among the most used, we can cite degree centrality, betweenness centrality [22], closeness
centrality [77], Eigenvector centrality [42, 43] and vitality [106]. In his PhD thesis, Rochat [167]
discusses different network centrality measures for the purpose of character network analysis,
and states their usefulness in literary analysis. Centrality has multiple uses in the context of
character networks, but a common one is to determine whether a character is a main or a
minor character, or even the protagonist of the story [168, 169].

To go into more details, the degree centrality of a vertex is its number of neighbors. At the
graph level, the average degree is often used to compare different networks [69, 100, 127].
In the case of weighted networks, we can also define the strength of a vertex, which is a
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generalization of the concept of degree. It is computed as the sum of the weights of the edges
connected to the vertex of interest.

Meanwhile, the betweenness centrality corresponds to the proportion of shortest paths that
pass through a vertex. It is computed as follows:

cB(v) = ∑
w,x∈V\{v}

σ(w, x|v)
σ(w, x)

, (1)

where σ(w, x) is the number of shortest paths between vertices w and x, and σ(w, x|v) the
number of these paths passing through vertex v. The betweenness centrality can be inter-
preted as the control of a vertex on flows in the network [76].

The closeness centrality [77] of a vertex gives information on its distance to all other vertices,
the distance between two vertices being the length of the shortest path between them. It is
the inverse of the average distance between a given vertex and all the other:

cC(v) =
|V| − 1

∑
w∈V\{v}

d(v, w)
, (2)

where d(v, w) is the distance between vertex v and w.
The Eigenvector centrality [43] of a vertex is based on the centrality values of its neighbors.

The Eigenvector centrality of a vertex is higher when it is connected to vertices that are
themselves of high centrality, and vice versa. Given AG the weighted adjacency matrix of
graph G, we can find the centrality vector cE as the solution of the following equation:

cE = AGcE. (3)

Then, cE(v) is simply the entry of vector cE that corresponds to the index of vertex v in the
adjacency matrix. From that equation, one can see that the centrality of a vertex depends on
the centrality of its neighbors, as each entry i of vector cE is the dot product of cE itself with
the i-th row of the adjacency matrix AG, that represents the neighbors of the i-th vertex.

Finally, vitality [106] measures the impact of removing a vertex from a network, and is used
in literary analysis for its interpretability [138]. Vitality measures the impact of a vertex
deletion using the change of a graph-level measure, and therefore depends on an auxiliary
function f :

cv(v, f ) = f (V \ {v})− f (V) (4)

centrality distribution Authors are also interested in the distribution of centrality in
the network, often degree centrality [108, 127, 152, 167, 185]. Since the degree distribution
of many real-world social networks exhibits the scale-free property [33] (that is, it follows a
power law), this property is used by authors to assess the realism of the networks. In a scale-
free network, a few of the vertices are important hubs with high degree, while most vertices
have low degree.

assortativity Assortativity is a measure of how correlated connected vertices of a graph
are in terms of a given measure or attribute. While assortativity can be computed for any at-
tribute, the most often used form is degree assortativity, that measures if high degree vertices
are mostly connected to high degree vertices and vice versa. Thus, the term “assortativity”
alone often refers to degree assortativity in practice. Since real-world social networks are of-
ten degree assortative, degree assortativity is sometimes used as an indication that a network
is realistic or not, similarly to degree distribution [127].
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communities As vertices can have attributes, they can be partitioned in communities, ei-
ther completely disjoint or overlapping depending on the method that is employed. While
some authors extract these communities manually [170], a number of automated extraction
algorithms exist [75], even for the case of dynamic networks [25, 36, 190]. Community detec-
tion is used by researchers to detect subplots involving groups of characters [41, 128] (as we
do in Section 23). For signed networks, a special version of the problem is called correlation
clustering [32]: it consists of finding communities such that most positive edges lie inside com-
munities, while negative edges lie between them. These communities are straightforward to
interpret as groups of allied characters opposed to other groups.

density Graph density is the number of existing edges in the networks divided by its
number of possible edges. Since the number of possible edges in a network is (|V|

2 ), we can
compute density as:

D(G) =
|V|
(|V|

2 )
. (5)

A denser graph means characters have more interactions between each other, while a less
dense graph may be indicative of more separate social groups.

distance The distance between two vertices in a network can be interpreted as the social
connection or disconnection between characters. Two graph-level measures related to distance
are often used in the literature. First, the diameter of a network is the maximal distance over
its pairs of vertices. Second, the average distance is simply the average distance over all pairs
of vertices.

structural balance In the case of signed networks, each edge is either positive (+)
or negative (-) and often represents the polarity of the relationship between two characters
(friendly or unfriendly). In the case of unweighted networks, there are four possible types of
triads: +++, ++-, +-- and ---. +++ and +-- triads are considered balanced because they are sta-
ble from a social point of view. Meanwhile, ++- and --- triads are considered imbalanced due
to their social instability [48]. At the graph level, structural balance is simply the proportion
of balanced triads in the network. It has a very direct interpretation: if structural balance is
high, then the number of social conflicts is probably high, and vice versa.

clustering coefficient The clustering coefficient refers to two distinct metrics: the
global clustering coefficient, at the graph level, and the local one, at the level of vertices.
Generally, it represents the extent to which vertices in a graph are grouped together. At the
graph level, the global clustering coefficient is the number of closed triads (three vertices
connected together) over the number of open ones (a group of three vertices with only two
connections). At the vertex level, it is the number of edges between its neighbors divided by
the same quantity if all neighbors were connected. It is equivalent to the global clustering
coefficient, if we limit ourselves to triads centered on a vertex.

k-cores The k-core of a graph is its largest subgraph so that all its vertices have a degree of
at least k. Some authors use it to separate the core cluster of the story and the less important
characters [151, 152, 179].
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2.4 graph learning

One of the advantages of networks is that they can be used as inputs to many machine
learning algorithms, which makes them very versatile. Since these algorithms can be used in
character network applications in general, we provide a brief overview of graph-level learning
in this subsection. We also want to mention graph embedding, a specific form of graph learning
that allows to represent a graph as a vector in a meaningful vector space. This is very useful,
since in the case of character networks, one can represent an entire novel in a single vector.
Formally, given the set of all possible graphs G, a graph embedding function can be defined
as follows:

f : x → f (x)

G 7→ Rk.

Yang et al. [232] provide an overview of existing graph learning techniques. They classify
existing them into four categories:

• Traditional Learning Before the advent of deep learning models, there were already
several techniques to learn graphs. Graph kernels leverage pairwise similarity between
graphs, while pattern mining involves representing graphs using discriminative sub-
graphs. It is also possible to represent a graph using a set of manually defined features,
such as centrality or other properties. We described some of these features in Section 2.3.
Compared to methods based on deep learning, while these may not give the best results,
features-based techniques are often more interpretable.

• Graph-Level Deep Neural Networks (GL-DNNs) With the general progress in deep
learning for images and text, researchers attempted to adapt deep neural networks to
graphs. For example, Graph2Vec [145] is an adaptation of the original skip-gram algo-
rithm [135] to graphs. Other techniques based on recurrent neural networks (RNN) [67]
and convolutional neural networks (CNN) [78] also exist.

• Graph-Level Graph Neural Networks (GL-GNNs) More recently, instead of adapt-
ing deep neural networks meant for other modalities, neural networks specialized for
graphs have been developed. Among these, message passing neural networks (MPNN) [81]
are particularly influential. MPNNs operate in two phases: the first phase, message
passing, updates vertices representation in a graph, while the second phase, readout,
computes a graph-level representation using the vertex-level representations obtained
previously.

• Graph Pooling Since many GL-DNNs and GL-GNNs algorithms derive representations
at the vertex level, graph pooling techniques are necessary to encode graph-level rep-
resentations. Global graph pooling techniques aggregate vertex representation direction,
either by direct computation (for example, with a mean pooling over vertices) or using
learning mechanisms such as CNNs or attention layers. On the other hand, hierarchical
graph pooling techniques try to take the structure of the graph into account.

Thanks to these techniques, character networks have the capacity to be used to solve many
problems. In the next section, we see the problems on which they have successfully been
applied.
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2.5 applications

As we have seen, there are many techniques that make character networks a very useful tool.
Concretely, they have two major advantages: first, networks are understandable by humans,
visually but also through topological measures. This allows us to analyze a source text using
its extracted network, and to derive new insights that would have been hard to obtain given
the sole text, in a “distant reading” fashion [170]. Second, a graph is a useful representation
for solving machine learning problems. While there exist embedding techniques specialized
for documents, the length of these documents is often an issue. Firstly, because of compu-
tational limitations: A transformer-based model such as SentenceBERT [164] may run out of
memory when processing an entire novel. Secondly, it is not clear how to obtain a useful
embedding on such long documents. Compared to graphs, embeddings seem to have an ad-
vantage: they can directly be used as inputs to machine learning methods, either for training
or for inference. However, as we have seen in the previous section, there exist graph learning
techniques allowing character networks to be used similarly.

These two advantages of character networks, interpretability and ease of use in machine
learning algorithms, mean that there are a lot of applications for character networks. In the
rest of this section, we explore the main areas where they have been applied successfully. We
give examples to illustrate applications, but refrain from being exhaustive in our overview of
the literature. The curious reader may refer to Labatut and Bost [110] for a more complete
survey.

2.5.1 Literary Analysis

Character networks are largely leveraged by humanities researchers to support literary anal-
ysis. Here, we talk about “literary analysis” in the broad sense of the term without limiting
ourselves to works from literary scholars: that is, the process of gaining insights on a liter-
ary work and its impact. In order to do so, authors often rely on the topological measures
we describe in Section 2.3. Moretti [138] is one of the precursors of such approaches, and
connects Woloch’s concepts of character-space and character-system [224] to character networks,
highlighting how they can be proven to be a useful tool for literary analysis.

A lot of the topological measures we present in Section 2.3 are used to derive meaning
from character networks. One of the most used is centrality: A common usage is to determine
whether a character is a main or a minor character (for instance, see Rochat [168] and Rochat
and Kaplan [169]). Centrality, as a proxy for importance, can also be compared to other
vertex-level measurements. For example, Grayson et al. [83] study the co-occurrence network
of Jane Austen’s Sense and Sensibility. They find that the top characters in terms of centrality
in the overall network are the wealthiest, which echoes existing discussions on the social
exclusivity in Jane Austen’s novels. Authors also study the impact of the removal of important
characters (most often, the main character) on the network using vitality. While studying
the conversational network from Maria Edgeworth’s The Absentee, Falk [71] highlights the
importance of the main character by removing it from the network and noticing that other
characters become disconnected as a result.

The communities found in character networks can also be used for analysis purposes. Some
authors leverage an automatic community detection algorithm such as Louvain [39], while
others extract communities manually for their analysis. For example, Rochat and Triclot
[170] analyze a corpus of science-fiction works (not limiting themselves to novels, but also
including films, series, comics and even video games) through the prism of co-occurrence
character networks. They first propose a classification of these networks in different groups,
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and then analyze the narratives by commenting on the place of characters in the networks
depending on their social category. Other authors use communities to detected different
subplots in a story [41, 128].

A number of graph-level metrics are used to compare networks for various purposes.
Rochat and Triclot [170] use density when trying to categorize different works of their science-
fiction corpus, and notice that low density is characteristic of behind closed-doors stories such
as Ridley Scott’s Alien. At the opposite end of the spectrum, Glukhovsky’s novel Metro 2033
exhibits a very low density due to its disconnected social communities. Relatedly, some re-
searchers are interested in determining the realism of a story [103, 104, 126–129, 235, 236].
To do so, they often compare graph-level properties (coefficient clustering, average degree,
diameter. . . ) of networks extracted from their stories to real-life social networks. The degree
distribution is often used, in particular the scale free [33] property of networks is often checked
since many real-world social networks exhibit that property. Assortativity is also used as an
indicator of the artificiality of the story, as real-life social networks are often assortative [146].
Mac Carron and Kenna [127–129] and Yose et al. [235] use structural balance to claim that the
mythological network they study is realistic, arguing that since these networks have a high
balance, they are close to real-world social networks that also display high balance.

Different networks can be used for different purposes. Co-occurrence networks are used
as an overall approximation of relationship structure, but other types of interactions can be
more precise. For instance, conversational networks are leveraged to answer specific literary
questions. Elson et al. are the first to automatically extract conversational networks from
novels [68–70]. Using these, they try to verify existing literary theories on a corpus of sixty
nineteenth-century novels [69]: 1. There is an inverse correlation between the amount of dia-
logue and the number of characters in novels 2. Characters in urban settings tend to share less
dialogues than characters in rural settings. Elson et al. [69] conclude against both hypotheses,
but Jayannavar et al. [100] later revisit their results and find a different conclusion. Sims and
Bamman [182] use conversational networks extracted with BookNLP [31] to measure infor-
mation propagation between characters. They find that information flows through characters
that serve as a bridge between otherwise disjointed communities, and that female characters
propagate information more often than men.

2.5.2 Classification Tasks

graph classification Graphs in general have been successfully applied to text clas-
sification [206]. Therefore, character networks seem to constitute a natural candidate for
classification: nonetheless, their usage for the task remains understudied.

Intuitively, the structure of a character network is linked to the literary genre and author
of a novel: for example, fantasy writer George R. R. Martin includes an enormous amount
of characters in A Song of Ice and Fire, while Jane Austen’s novels focus on a comparatively
smaller set of characters. Thus, it is not surprising that the two most popular classification
tasks tackled in the literature are literary genre classification and author classification.

Hettinger et al. [91] work on a corpus of 1, 682 German novels. They extract features based
on style, topics and co-occurrence character networks, but find that network-based features
obtain worse performance on their dataset than the other sets of features. Holanda et al.
[93] tries to differentiate between biographical, legendary and fictional texts. They focus
on a small set of 12 novels and perform a case study rather than an evaluation on a large
benchmark. They use descriptive features of the networks, and conclude that these features
are not very discriminative. Condello et al. [53] classify 1, 800 British and American novels of
the 19th century based on the author’s gender and nationality. However, they only use total
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character count and total link weight as features, limiting the scope of their results. Finally,
Ardanuy et al. [23, 24] perform classification of novels based both on genre and authors. They
use traditional graph description features (density, diameter, radius. . . ) and obtain decent
results on author classification (from 60 to 75 F1), but not on genre classification (from 27 to
40 F1).

In all of these works, authors use traditional graph learning techniques. Recent graph learn-
ing methods such as graph neural networks have not been applied to character networks ex-
tracted from novels, and thus constitute a promising object of study given their performance.

vertex classification Rather than classify the whole graph, it is also possible to clas-
sify each vertex. A lot of stories present a binary division of their characters: a group assists
the protagonist, while a second group forms its opposition. Therefore, Muhuri et al. [140]
try to automatically find the protagonist and antagonist in networks extracted from novels.
They also automatically extract communities in their networks, and find three categories of
characters: a group centered around the protagonist, a group of antagonists, and a neutral
group. Several authors try to distinguish between several categories of importance for char-
acters. The simplest case assumes two classes, main characters and minor characters [115], but
some authors also solve a three-class problem with main characters, supporting characters and
extras [167, 169].

As graph classification, vertex classification on networks extracted from novels is under-
studied. Authors use simple vertex features (degree and other centrality measures, transitiv-
ity. . . ), but to our knowledge no work exploits recent deep learning techniques.

2.5.3 Other Tasks

story segmentation Story segmentation is the task of decomposing the plot into se-
quential phases. In novels, this can for example mean splitting the story into chapters (when
they are not indicated) or scenes. While there are works on this front leveraging NLP tech-
niques, to our knowledge there is a single work using character networks for that purpose.
Min and Park [136] model a narrative in terms of dynamic cumulative networks. They detect
plot phases (exposition, resolution. . . ) through the variation of vertices and edges.

story generation Story generation is the task of automatically generating narratives.
Recent methods mostly leverage LLMs to generate stories [154, 207, 227]. We are only aware
of one series of work leveraging character networks: Sack [173–175] use them to generate
what they call “proto-narratives”, which are series of events that can be used to create a story
afterward. To obtain these proto-narratives, the authors start from an unbalanced network
(a signed network with ++- or --- triads) and progressively balance it by switching the sign
of some relationships. These switches of signs each indicate an event: either a character
befriending a previously hostile character (+ to -), or a betrayal of a character by another (- to
+). As the final network is balanced, social relationships have reached some sort of stability
and a sense of cluster is obtained.

narrative alignment Narrative alignment is the task of aligning narrative units (e.g.
novels chapter, TV show episodes. . . ) between two medias. It is a useful task to study the
adaptation of a story from one media to another. While it is possible to carry this task using
only text as input [155, 156], we show in Section 6.2 that using character networks can yield
better performance, and can even be combined with text to obtain better results.
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2.5.4 Tasks on Other Media

In this section, we generally limited ourselves to tasks for which character networks extracted
from novels have been applied. In this subsection, we quickly list a few additional tasks where
character networks extracted from other types of media (movies, comics. . . ) have been applied.
Since character networks can represent different types of media in a unified manner, tasks
presented here may be transcribed in the context of novels.

recommendation Character networks can be used as part of a recommendation system,
as what a user likes in a work of fiction may be linked to the relationship dynamics between
characters. Lee and Jung [115] implement a movie recommendation system using signed
dynamic co-occurrence networks. While they perform their experiments on movies, their
framework is generic enough to be used in other media.

storyline detection Stories are often decomposed into multiple subplots. With the
assumption that each subplot is centered on a leading character, several authors attempt
to perform storyline detection in movies and TV shows [153, 214–216]. They consider that
storylines are a series of ordered scenes, and they assign each scene to a subplot community
depending on the involved characters.

summarization Character networks have been applied to summarize movies and TV
shows, but to our knowledge not novels. Do et al. [62] and Tran et al. [198, 199] extract net-
works from movies to identify the main characters in movies, and use these main characters
to identify important scenes, that are used to generate a summary. Bost [44] and Bost et al.
[45] use dynamic character networks to generate character-centric extractive summaries of
TV shows. Finally, Tsai et al. [200] extract a network where vertices are groups of characters,
identify important groups in the network and select important scenes based on the presence
of these important groups.

2.6 conclusion

In this chapter, we presented character networks and their applications. We started with a
definition, along with a few examples. Then, we presented the generic extraction framework
originally highlighted by Labatut and Bost [110]. After that, we reviewed the most relevant
topological measures for character networks. These measures are often used in applications,
and we also make use of them in the rest of this thesis, notably in Chapter 6. Subsequently, we
provided a quick overview of graph learning techniques, in order to argue for the potential
of character networks. Finally, we went over some applications of character networks.

In the next chapter, we go into more details concerning the NLP tasks needed to apply the
generic extraction framework we presented in Section 2.2. These tasks are still challenging
and not fully solved, and we review their impact on network extraction as part of the next
chapter. Since obtaining better performance for these tasks increases the quality of the ex-
tracted networks, we dedicate a part of this thesis (Chapters 4 and 5) to reducing errors for a
fundamental task: NER.
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In Section 2.2 of the previous chapter, we present the generic character network extraction
framework of Labatut and Bost [110], which is a synthesis of previous researchers’ extraction
efforts. In this chapter, we delve into the practical side of extraction in detail. As stated
earlier, automatically extracting character networks requires solving multiple NLP tasks. We
first go over the main ones we identify in Section 3.1: NER, coreference resolution, character
unification and speaker attribution. We mention the main existing datasets for each task,
especially datasets from the literary domain, since we focus on novels.

Literary resources for NLP tasks are lacking in general. While a few datasets such as
Litbank exist [29, 30, 183], most are composed of short texts. This is an issue since some
tasks, such as coreference resolution, are significantly harder when the length of documents
increase [86, 87]. Thus, we propose a new literary dataset in Section 3.2: Novelties. It consists
of annotations for the NER and character unification tasks. While our first version of Novel-
ties (Novelties v0.1.0) consists of short documents of approximately one chapter, its second
version contains fully annotated novels. We use Novelties throughout this thesis, notably to
evaluate the impact of our contributions to NER in Chapter 4 and Chapter 5.

Then, we present existing character network extraction systems in Section 3.3.1. We note
that these systems have drawbacks: none of them support extracting dynamic networks, they
generally focus on a single type of network and some of them are not modular. This leads
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us to propose Renard in Section 3.3, a modular character network extraction pipeline. We
implement Renard in Python and make it available under a free license1. We provide a
performance assessment of Renard in Section 3.4. To do so, we contribute new measures to
evaluate the quality of an extracted network: Vertex Precision and Recall, Edge Precision and
Recall, and Weighted Edge Precision and Recall.

Renard, as other existing extraction systems, is in the form of a cascading pipeline: a se-
quential series of steps where the output of one step feeds into the input of the next. Such
systems are interpretable, but they can be subject to cascading errors. Knowing which errors
have the most impact on the quality of the network is important, as it will allow prioritiz-
ing research efforts. Thus, we systematically analyze the impact of NER and coreference
resolution errors in Renard, respectively in Section 3.4.5 and Section 3.4.6.

To summarize, this chapter makes the following contributions:

• We propose the Novelties literary dataset in Section 3.2, with annotations for the NER
and character unification tasks.

• We propose the modular Renard character network extraction pipeline in Section 3.3.
The content of this section is based on our work published in the Journal of Open Source
Software [20].

• In Section 3.4, we evaluate Renard, compare its performance with non-cascading sys-
tems and analyze the impact of NER and coreference resolution errors on the quality of
extracted networks to guide future research. This section is based on an article accepted
at the COLING 2025 conference [21]. We provide the source code and data to reproduce
our experiments under a free license2.

3.1 natural language processing tasks

3.1.1 Terminology

Before presenting the NLP tasks relevant to character network extraction, we must first clarify
the vocabulary surrounding them. Each of these tasks has a specific established terminology,
but these are not always compatible together, which can cause confusion. Therefore, in this
section, we define the terms we use for the entirety of this thesis. When presenting tasks
below, we still mention the terms typically used in the literature as anchor points.

We first define our usage of the term entity:
Definition
An entity is a unique element having an existence inside the narrative universe.

We identify different types of entities. In this thesis, we are mainly interested in characters.
According to the Living Handbook of Narratology3, a character is a “text- or media-based figure in
a story world, usually human or human-like.”. We go further and define that:

Definition
A character is a sentient figure with some form of agency in a narrative.

1 https://github.com/CompNet/Renard

2 https://github.com/CompNet/Splice

3 https://www-archiv.fdm.uni-hamburg.de/lhn/
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This definition includes traditional human characters, but also aliens, sentient robots or
creatures, and even conscious objects such as the enchanted sword Stormbringer in Moorcock’s
Cycle of Elric. Other types of entities are also of interest, such as locations, organizations. . .

Since stories talk about entities, their relationships and their actions, they are mentioned
throughout narratives. We define the mention of an entity as follows:

Definition
A mention is an occurrence of an entity in a story.

For example, in a novel, the act of mentioning a character by one of their names is a mention.
This leads us to the concept of form:

Definition
The form of a mention is its textual content itself, detached from its position in the text.

Based on form, we distinguish two types of mentions, alias mentions and generic mentions:
Definition
An alias mention is a mention whose form can strongly identify an entity. It must be self-
sufficient, identify the entity uniquely, and its form must appear frequently.

We directly derive this definition of alias mention from the guidelines of Novelties [10], our
NER dataset that we present in Section 3.2. The form of such mentions is said to be an
alias, which can be a proper noun, like the name of a character, or a definite description (i.e.
an expression of the form determiner + noun phrase such as the President of the United States).
Finally:

Definition
A generic mention is any mention that is not an alias mention.

A generic mention can be a pronoun, or a generic expression such as a man, a little girl. . . But,
by itself, is not sufficient to identify a character.

3.1.2 Named Entity Recognition

NER is a fundamental task in information extraction (IE). It started getting attention thanks
to the MUC conferences4, that took place from 1987 to 1998. NER consists of two subtasks:
detecting a subset of entity mentions in texts5, and classifying the type of the underlying
entity given a set of predefined classes [66]. Different corpora observe different rules regard-
ing the mentions to detect, but in our case we are mainly interested in alias mentions. The
classes of entities to detect also depend on the corpus. One of the most popular set of enti-
ties comes from the CoNLL-2003 shared task [195], and contains four classes: persons (PER),
organizations (ORG), locations (LOC) and miscellaneous (MISC).

task formalization NER is often formalized as a sequence-labeling task [230]. Tokens
that are not part of a mention are part of the O (“outside”) class, while tokens that are part
of a mention are classified depending on the underlying entity class and the position of that
token. There are several ways of tagging in-mention tokens, the most simple scheme being
IO:

4 https://dl.acm.org/conference/muc

5 In the usual NER terminology, the task is about detecting “entities”. However, in this thesis, we use the term
“entity” to refer to the concept being mentioned, not one of its mentions.
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Example from Edmond Hamilton’s The Star Kings
I-PER

Shorr
I-PER

Kan
O

said
O

to
O

bring
I-PER

Zarth
I-PER

Arn
O

and
I-PER

Lianna
O

back
O

to
O

the
I-LOC

Cloud
O

at
O

once
O

.

In the IO scheme, tokens that are inside an entity are tagged I-TYPE, where type denotes
the type of the underlying entity. While the IO scheme is simple, it cannot unambiguously
tag consecutive mentions. Therefore, the BIO scheme [161], adopted by the CoNLL-2002 and
CoNLL-2003 shared tasks [194, 195], is most often preferred:

Example from Edmond Hamilton’s The Star Kings
B-PER

Shorr
I-PER

Kan
O

said
O

to
O

bring
B-PER

Zarth
I-PER

Arn
O

and
B-PER

Lianna
O

back
O

to
O

the
B-LOC

Cloud
O

at
O

once
O

.

In that scheme, tokens that begin an entity are tagged B-TYPE, which allows to unambigu-
ously represent mention boundaries. Other formalizations of the NER problem exist. Notably,
some researchers are interested in nested NER, a more general and harder version where men-
tions to detect can exist inside other mentions. In the following example, we can observe
three layers of nesting6:

Example from the Litbank NER dataset [30], annotated from Jane Austen’s Emma
B-PER

the
I-PER

elder
I-PER

brother
I-PER

of
I-PER

Isabella
I-PER

’s
I-PER

husband
O

.
O

the
O

elder
O

brother
O

of
B-PER

Isabella
I-PER

’s
I-PER

husband
O

.
O

the
O

elder
O

brother
O

of
B-PER

Isabella
O

’s
O

husband
O

.

By opposition to nested NER, “traditional” sequence-labeling NER is sometimes termed
flat NER, which will be what we refer to in this thesis when we generally mention NER.

ner systems The first NER systems used rules and gazetteers [162]. Systems later pro-
gressed by using machine learning techniques [143] and then deep learning. Since the advent
of BERT [60], NER has been marked by the usage of transformer-based models. More re-
cently, LUKE [229], a transformer-based model specially constructed for entity-related tasks,
has pushed performance further. As NER is a widely studied task, various other techniques
are used depending on corpora and applications, and it would be impossible to list them all
here. See Keraghel et al. [105] for a recent survey.

measures The standard measure of performance for NER is F1-Score, which is the har-
monic mean of Precision and Recall. These measures are only computed on gold and pre-
dicted mentions, and not on token tags themselves, as the O (outside mentions) token class
constitutes the majority of tags in texts. The computation of these measures may seem trivial,
but in practice great care must be taken when performing evaluation, as it is easy to obtain
non-reproducible or misleading results [117]. A typical issue is the handling of invalid tag-
ging output: for example, a model may incorrectly tag the start of an entity with an I-TYPE

tag under the BIO scheme. Depending on the implementation, this may or may not be penal-
ized when computing measures. To avoid such issues, it is better to use existing tools such
as the official CoNLL scorer conlleval.pl or the seqeval [144] Python package, to ensure

6 In that example, we represent nesting with several tagging levels, but this can be cumbersome depending on the
nesting level, so there exist other ways to represent nested NER. Yan et al. [230] propose a scheme to represent
both flat and nested NER at the same time.

22

[ December 16, 2024 at 20:23 – classicthesis version 4.2 ]



implementation choices are known and results comparable. We use seqeval ourselves in all
the NER-related experiments described in this manuscript.

datasets Since NER has been studied extensively, there are many existing datasets, one
of the most famous being CoNLL-2003 [195], consisting of short news stories. Despite its
popularity, CoNLL-2003 has shortcomings: its documents are short, and there are some anno-
tation errors [171, 210]. When it comes to the literary domain, there are only a few datasets,
even in English. The Litbank dataset [30] annotates excerpts from 100 novels, but is concerned
with nested NER. A French version of this dataset, fr-Litbank7, also exists but contains fewer
excerpts (18 vs. 100). To our knowledge, there only exists a few flat NER datasets in the
literary domain: the English OWTO dataset of Dekker et al. [59], and the French dataset from
Alrahabi et al. [6]. OWTO is composed of approximately the first chapter of 40 English nov-
els, 20 of which are classical ones while the others are more recent. During this thesis, we
surveyed this dataset [13, 17] and concluded that it had shortcomings: as a result, we propose
the Novelties English dataset we present in Section 3.2.

3.1.3 Coreference Resolution

Coreference resolution is the task of linking together mentions of an entity in a text, which
creates a coreference chain (sometimes also termed mention cluster) of mentions [157]. An exam-
ple is shown in Figure 5. While NER detects alias mentions, coreference resolution can link
these to generic mentions (pronouns, generic expressions. . . ), which supports detecting more
character mentions. This makes it an important step when extracting networks, as some
interactions between characters can be missed when some character mentions are missing.
Coreference can also be used as input when performing the character unification task we
present in Section 3.1.4.

[...] Case knew that at some point he’d started to play a game with 

himself, a very ancient one that has no name, a final solitaire. He 

no longer carried a weapon, no longer took the basic precautions.

Figure 5.: Coreference resolution on an excerpt from William Gibson’s Neuromancer. The blue corefer-
ence chain is composed of mentions of the main character, Case. NER would only detect the
name “Case”, but not the pronominal mentions.

Coreference resolution systems link mentions together, but linking mentions necessitates
detecting them first. Some models assume that mentions are already detected beforehand
and only predict links, but others (such as the end-to-end models based on Lee et al. [113,
114]) also perform mention identification prior to linking, which renders the task more difficult.

coreference systems As surveyed by Poesio et al. [157], early coreference systems used
linguistic knowledge to link mentions together. Gradually, systems shifted towards corpus-
based statistical approaches with the advent of the MUC-6 and MUC-7 conferences. More
recently, the seminal work of Lee et al. [113, 114] is an important foundation for modern

7 https://github.com/lattice-8094/fr-litbank
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coreference resolution systems. The authors model coreference resolution as a mention rank-
ing problem. They output a representation for each text span using a Bi-LSTM [92] and then
compute a mention score for each span, denoting the probability of this span to be a mention.
Then, they compute a pairwise score for each pair of spans. Based on the sum of mention
scores and pairwise scores, an antecedent (or no antecedent if this sum is negative) is com-
puted for each span, effectively creating coreference chains. Lee et al. [113, 114] model is said
to be end-to-end, as the same model performs mention detection and mentions linking. Joshi
et al. [102] later replace the Bi-LSTM with a SpanBERT encoder [101], improving performance.
While these models perform well on benchmarks compared to previous ones, they have an
important shortcoming. Given n the number of input tokens, the complexity of the model is
O(n4), leading to computational and memory issues, especially when working on long doc-
uments. In practice, tricks are used to consider fewer pairs of spans and reduce complexity,
such as pruning mentions based on their mention score to reduce the number of pairwise
score computations. Nonetheless, researchers later tried to find ways to formalize the prob-
lem differently to avoid computational problems. Dobrovolskii [63] first works on pairs of
tokens, later reconstructing spans from their head tokens. Another line of work explores
incremental models, resolving chains left-to-right using a caching mechanism [86, 196, 226].
While their performance is not as good when compared to end-to-end models, their lower
complexity makes them more easily applicable to long documents. Finally, other authors try
to leverage generative models to cast the problem as sequence-to-sequence [40, 119, 201, 239].

measures Evaluating coreference resolution is difficult in general. There are many exist-
ing measures (mainly MUC [204], B3 [26], CEAF [124], BLANC [163] and LEA [137]), and
none of these are entirely satisfying or measure the same thing. Even worse, many authors
use CoNLL-F1, an average of three measures (MUC, B3 and CEAFϕ4), to compare different
systems. The three original measures already have shortcomings and, as Moosavi and Strube
[137] rightfully state, “averaging three unreliable scores does not result in a reliable one”.

datasets There are multiple coreference resolution datasets to train and evaluate models.
The most used resource is likely CoNLL-2012 [159]8, which is multilingual (English, Chinese
and Arabic) and encompasses multiple domains (newswire, web, phone conversations. . . ).
Other well-known English ones include PreCo [49] and WikiCoref [80]. In the literature
domain, however, only a few datasets exist. For English, Litbank has a coreference layer [29].
For French, the multi-domain dataset Democrat [111] contains a few literary texts, while fr-
Litbank [112] adopts the Litbank annotation guidelines. All of these datasets only include
short texts when compared to the scale of entire novels, which is an issue as coreference
resolution on long documents remains a very challenging task [86, 87]. We are only aware of
a few entire texts being annotated. In English, Guo et al. [86] annotate coreference for the top
20 characters of Orwell’s The Animal Farm. In German, Krug [107] annotates Ludwig Tieck’s
short fairy tale Der blonde Eckbert and Theodore Fontane’s novel Effi Bries.

3.1.4 Character Unification

Character unification can be considered as a global version of coreference resolution specific
to characters. There are two goals for this task: first, determine characters and all of their
aliases. Second, attribute each character mention in the text to a single character. We distin-
guish this task from coreference resolution because, in practice in Renard [20], we use the

8 CoNLL-2012 is a subset of the OntoNotes v5 dataset [213].
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output of a coreference model as input to a second module to perform character unification.
This approach is necessary as the performance of coreference resolution systems in long texts
is low [86, 87], and is inspired by existing literature on the subject [202]. It allows linking
mentions that are extremely distant and grammatically disconnected, which coreference sys-
tems struggle to do. The character unification task is not well-defined in the literature, and
is sometimes termed differently. Alternative names include “character detection”, “character
clustering” or “alias resolution”.

character unification systems Most works performing character unification do not
solve the task for itself, but rather as part of some other higher-level task. For example, Bam-
man et al. [31] perform “character clustering” when they need to group character aliases
to classify characters, and Cuesta-Lazaro et al. [56] solve character unification to implement
speaker attribution in novels. Other works are specifically concerned with character unifica-
tion. Vala et al. [202] perform alias resolution using a set of rules, including the inspection
of coreference resolution chains. They create a graph where vertices represent aliases, and
add or remove edges between them according to these rules. After having applied all these,
connected components form character alias clusters. Jahan et al. [99] propose a 2-stage sys-
tem supposing the extraction of coreference chains. First, they determine which coreference
chains concern animated entities using an off-the-shelf tool. Then, they train an SVM classifier
to recognize whether chains concern characters. The quality of the initial coreference chains
has a large impact on the final performance.

datasets There are no standard datasets or measures for character unification. However,
datasets with other forms of annotations are sometimes usable to evaluate models. This is the
case for Litbank [29], where coreference resolution and NER data can be combined to obtain
character mentions. The PDNC speaker attribution dataset [205] can also be used, but only
speakers are annotated. In terms of measures, Vala et al. [202] propose Character Precision
and Character Recall, which we use when evaluating Renard in Section 3.4.1.

3.1.5 Speaker Attribution

The Commissioner put out a lower lip and suddenly looked like a child about 
to pout. “But what’s the point? What kind of information are you 
after?”

“I’m not sure, Commissioner. I just have a feeling that in a case like 
this, information on robots might help.” Baley clamped his mouth shut 
after that. He wasn’t going to be specific, and that was that.

“I wouldn’t, Lije. I wouldn’t. I don’t think it’s wise.”

“What’s your objection, Commissioner?”

Figure 6.: Example of speaker attribution in Asimov’s The Caves of Steel. Brown utterances are spoken
by Commissioner Julius Enderby, while blue ones are spoken by the main character Elijah
"Lije" Baley. For the first two, the speaker is said to be explicit as it is clearly mentioned in the
text. For the last two quotes, speakers are implicit, which makes them comparatively harder
to infer.

Speaker attribution (sometimes termed “quote attribution”) is a fundamental task when it
comes to extracting conversational networks. It consists in extracting the correct speaker for
speech in a text, as seen in Figure 6. Speaker attribution first necessitates knowing where
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speech appears in the text, which is the subtask known as quote detection. This subtask can be
carried out using regular expressions or machine learning approaches [65].

The first speaker attribution systems used sets of rules to determine a speaker [82]. For
example, the subject of speech verbs is an important cue for the speaker’s identity. Subsequent
works use machine learning, using features sometimes adapted from the rules previously
employed [70, 90, 149, 234]. Later, Muzny et al. [141] propose a hybrid sieves-based system
with rules and a machine learning model. Amalvy [7] use a BERT quote encoder [60] and
a classification head to solve the task. Cuesta-Lazaro et al. [56] proceed similarly but add
dialogue state tracking. Recently, Su et al. [189] propose to use LLMs to perform the task as
sequence-to-sequence.

In terms of datasets and measures, Litbank [182] has a speaker attribution layer. Sims
and Bamman [182] measure speaker attribution performance by adapting coreference reso-
lution measures (MUC [204], B3 [26] and CEAFϕ4 [124]). In 2022, Vishnubhotla et al. [205]
released the PDNC corpus, composed of 22 novels with annotated quotations. PDNC mea-
sures speaker attribution using accuracy.

3.2 the novelties dataset

The OWTO9 dataset of Dekker et al. [59] is, to our knowledge, the only English literary flat
NER dataset. OWTO consists of approximately the first chapter of 40 novels, 20 of which are
classic works while 20 are more recent. After experimentation, we conclude that this dataset
has errors and shortcomings [13, 17]: for example, only PER entities are annotated. Therefore,
we correct and extend it to propose the Novelties dataset.

3.2.1 Novelties v0.1.0

We find and fix issues of the original OWTO dataset. We give the full details of this correction
process in Appendix A.1.1. We fix the following issues:

annotation errors We find false negatives, false positives and inconsistencies. Incon-
sistencies consist of similar spans of text annotated differently for no apparent reason (for
example, honorifics are annotated for some entities but not for others). We use a semi-
automated process to correct these issues. First, we design a set of rules to prompt the
annotator to verify some potential error cases. Then, we use a BERT-based model [60] trained
on a slightly modified version of the CoNLL-2003 dataset [195] to highlight other potential
errors. Finally, as a last resort, we manually correct the remaining errors.

encoding issues Some characters are incorrectly represented (e.g. d’Artagnan was rep-
resented as dâ=C™Artagnan). We manually fix these issues.

tokenization issues We find inconsistencies in the dataset regarding tokenization, no-
tably regarding apostrophed names: some are split while others are not. We manually correct
this issue to enforce consistency.

quoting issues Quoting is handled inconsistently. Depending on the novel, double
quotes or simple quotes indicate dialogue. Backquotes are used to indicate quotation starts,
but are sometimes wrongly placed at their end. Finally, some quotes are not found in pairs,

9 Short for “Out With The Old and in with the novel”
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rendering dialogue identification difficult. We fix these issues semi-manually, by using an
automated algorithm, and then fixing the remaining issues by hand.

The original dataset only consists of annotated PER entity mentions. We go further and also
annotate locations (LOC) and organizations (ORG) by designing a short annotation guide (see
Appendix A.1.1 for more details).

3.2.2 Novelties v1.0.0

While Novelties v0.1.0 represents an improvement over the original OWTO dataset [59], it has
some limitations:

• Its guidelines are short and do not encompass all possible cases.

• Some mentions labeled as PER are not directly character mentions but, rather, mentions
of a group of characters. This is the case, for example, for plural family names that we
annotate as PER (like The Proudfoots).

• A single annotator annotated the entirety of the dataset.

• Novelties v0.1.0 is only composed of approximately a single chapter of each novel, and
does not contain full books.

Due to these shortcomings, we propose Novelties v1.0.0. For this new and improved ver-
sion of the dataset, we create detailed NER annotation guidelines [10]. We add two new
types of mentions: groups (GRP) and miscellaneous (MSC). GRP represent groups of characters,
which allow us to more precisely extract characters themselves. Meanwhile, miscellaneous
mentions gather categories such as cultural or intellectual works, praxonyms (names referring
to historical, cultural, commercial or sport events), unique ergonyms (names of objects and
man-made products) and phenonyms (names of meteorological events such as tempests). To
mark annotation differences with guidelines mentioning the PER class, we change to name of
the class to CHR (CHaRacter). Finally, we annotate entire novels, as opposed to single chap-
ters, and employ two annotators to compute inter-annotator agreement on a subset of the
dataset. To ensure high quality, after computation of the agreement as an indication, we fix
disagreements and incorporate the fixed annotations in the dataset.

Additionally, we create guidelines for the character unification (also known as alias resolu-
tion) task [11], and annotate our full novels with them.

Using this new annotation process, we produce a new dataset of 11 entire novels annotated
for NER and character unification, and NER annotations for chapters from 8 other novels. See
Table 1 for details. As the original OWTO [59], Novelties sports a mix of classical novels as
well as more recent ones, including fantasy and science-fiction. For NER, we compute agree-
ment on 5 chapters shared between the two annotators of the corpus, and report pairwise
F1-score and two variations of Cohen’s Kappa [52]: one computed on all tokens, and one
computed on tokens annotated as an entity mention by at least one annotator. We do so be-
cause computing Cohen’s Kappa on all tokens outputs an inflated score, as the majority class
of tokens is very largely O (i.e. tokens are mostly not parts of entity mentions). We find a high
agreement between annotators, with a pairwise F1-score of 92.58, Cohen’s Kappa computed
on all tokens of 94.20 and Cohen’s Kappa computed on annotated mentions of 85.17.
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Novel No. NER annotated chapters character unification

1984 24 (full) yes

A Game of Thrones 1 no

Alice in Wonderland 3 no

Assassin’s Apprentice 1 no

A Study in Scarlet 1 no

Bel Ami 18 (full) yes

Black Prism 1 no

Brave New World 18 (full) yes

David Copperfield 1 no

Dracula 1 no

Eugenie Grandet 14 (full) yes

Germinal 40 (full) yes

Madame Bovary 35 (full) yes

Moby Dick 136 (full) yes

The Black Company 7 (full) yes

The Blade Itself 46 (full) yes

The Red and The Black 75 (full) yes

The Three Musketeers 68 (full) yes

Table 1.: Annotated novels in Novelties v1.0.0
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3.3 renard : a character network extraction pipeline

3.3.1 Motivation

There are several existing extraction pipelines when it comes to character networks. We list
two types of pipelines: general NLP pipelines and character network extraction pipelines.

General NLP pipelines are “general” in the sense that they are not specific to character net-
work extraction, but they are used for many other tasks. General pipelines perform NLP
tasks to annotate a text with information (NER, coreference resolution), and researchers
use these annotations to extract a network. Among the most used NLP pipelines such as
NLTK [38] or spaCy [95], two are common choices when extracting character networks: Stan-
ford CoreNLP [131] and BookNLP [31]. BookNLP in particular is specifically designed for
novels, making it a popular choice.

Character network extraction pipelines are less commonly used, but can directly extract
character networks. Among these, SINNET [3] can extract directed networks of “social events”
comprised of interactions and observations. CHAPLIN [186] is a semi-automatic pipeline that
can extract weighted networks from theater plays and novels. rCat [34] is a pipeline with a
web interface targeted towards humanities researchers. Tex2net allows extracting networks
where each edge is a list of events along with their temporality, aimed at efficiently summariz-
ing stories. Finally, Charnetto [142] can extract networks from books and movie scripts using
either Flair [5] or SpaCy [95].

While some of the existing general NLP pipelines are modular, they are not designed to ex-
tract character networks, which means additional effort is required to do so. Except BookNLP,
they are not directly concerned about literary texts. Meanwhile, existing character network ex-
traction pipelines do not support extracting dynamic networks, are not modular and usually
target a single type of networks (co-occurrences, events. . . ).

All of these drawbacks lead us to propose Renard [20], a modular extraction pipeline that
can extract static and dynamic networks from narrative texts. We release Renard under a
free license, and make it available as a Python package10 (pip install renard-pipeline).
We base Renard on the generic character network extraction framework we present in Sec-
tion 2.2. We design it so that it is as modular as possible, which allows the user to select the
implementation of each extraction step as needed. This has several advantages:

1. Depending on the input text, the user can choose the most relevant series of steps
and configure each of them as needed. Therefore, the pipeline can be specialized for
different types of texts, allowing for better performance.

2. The pipeline can easily incorporate new advances in NLP, by simply implementing a
new step when necessary.

3. Crucially, one can study the impact of the performance of each step on the quality of
the extracted networks, and on the performance of downstream tasks.

We intend for Renard to be used by digital humanities as well as NLP researchers and prac-
titioners. The former category of users can use Renard to quickly extract character networks
for literary analysis. Meanwhile, the latter can use Renard to easily represent textual content
using networks, which can be used as inputs for downstream tasks (classification, recommen-
dation. . . ). They can also use Renard to study the impact of NLP task errors on the extracted
networks.

10 https://github.com/CompNet/Renard
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3.3.2 Design and Main Features

Renard is centered on the concept of a pipeline. In Renard, a pipeline is a series of sequential
steps that are run one after the other in order to extract a character network from a text.
Steps generally correspond to the tasks we presented in Section 3.1, except for preprocessing,
tokenization and network extraction steps. Preprocessing steps simply prepare the text better
for subsequent steps. Tokenization cuts the text into tokens and sentences, and is one of the
first steps to run in any text processing pipeline. Network extraction steps are always last in a
pipeline, and use information from the previous steps to construct a character network. These
last network extraction steps are purely deterministic: for example, extracting a co-occurrence
network given characters and their occurrences is a matter of a simple algorithm.

In practice, when using Renard, the user simply describes a pipeline in Python by specifying
a series of steps, and can apply it to different texts afterward. The following code block
exemplifies that philosophy:

from renard.pipeline import Pipeline

from renard.pipeline.tokenization import NLTKTokenizer

from renard.pipeline.ner import NLTKNamedEntityRecognizer

from renard.pipeline.character_unification import GraphRulesCharacterUnifier

from renard.pipeline.graph_extraction import CoOccurrencesGraphExtractor

with open(" ./my_doc. txt ") as f:

text = f.read()

pipeline = Pipeline(

[

NLTKTokenizer(),

NLTKNamedEntityRecognizer(),

GraphRulesCharacterUnifier(min_appearances=10),

# users can pass dynamic=True and specify the

# dynamic_window argument to extract a dynamic network

# instead of a static one.

CoOccurrencesGraphExtractor(

co_occurrences_dist=(10, "tokens"), dynamic=False

)

]

)

out = pipeline(text)

As an example, Figure 7 shows the co-occurrence character network of Jane Austen’s “Pride
and Prejudice”, extracted using the Renard pipeline above. While this network is static, users
can also extract a dynamic network by passing the dynamic=True argument to the last step of
the pipeline, and specifying the dynamic_window argument: in that case, Renard outputs a list
of graphs corresponding to a dynamic network instead of a single network11. Renard uses
the NetworkX Python library [89] to manipulate graphs, ensuring compatibility with a wide
array of tools and formats.

To allow for custom needs, we design Renard to be very flexible. If a step is not available
in Renard, we encourage users to either:

11 See the documentation on dynamic networks for more details: https://compnet.github.io/Renard/pipeline.

html#dynamic-graphs
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Figure 7.: Co-occurrence character network of Jane Austen’s “Pride and Prejudice”, extracted automat-
ically using Renard. Vertex size and color denote degree, while edge thickness and color
denote the number of co-occurrences between two characters.

• Externally perform the computation corresponding to the desired step, and inject the
results back into the pipeline at runtime,

• Implement their own step to integrate their custom processing into Renard by subclass-
ing the existing PipelineStep class. If necessary, this PipelineStep can act as an adapter
to an external process that may or may not be written in Python.

The flexibility of this approach introduces the possibility of creating invalid pipelines be-
cause steps often require information computed by previously run steps: for example, solving
the NER task requires a tokenized version of the input text. To counteract this issue, each step
therefore declares its requirements and the new information it produces, which allows Renard
to check whether a pipeline is valid, and to explain at runtime to the user why it may not
be12. When a user implements a custom step, he can specify this information to allow Renard
to perform validation.

Renard lets users select the targeted language of their custom pipelines. A pipeline can be
configured to run in any language, as long as each of its steps supports it. Table 2 shows all
the currently available steps in Renard and their supported languages.

3.3.3 NLP Tasks Implementation

In this section, we quickly present the implementation of the main NLP tasks supported by
Renard. We restrain this presentation to the more challenging steps we implemented.

NER: BertNamedEntityRecognizer

We implement a typical NER model, where we use a BERT [60] encoder to compute the rep-
resentation of each token, and a fully connected classification head to perform classification

12 See the documentation for more details on steps requirements: https://compnet.github.io/Renard/pipeline.

html#the-pipeline
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Step Task Supported Languages

StanfordCoreNLPPipeline multiple eng

CustomSubstitutionPreprocessor preprocessing any

NLTKTokenizer tokenization eng, fra, rus, ita. . . (13 more)

QuoteDetector quote detection any

NLTKNamedEntityRecognizer NER eng, rus

BertNamedEntityRecognizer NER eng, fra

BertCoreferenceResolver coreference resolution eng

SpacyCorefereeCoreferenceResolver coreference resolution eng

NaiveCharacterUnifier character unification any

GraphRulesCharacterUnifier character unification eng, fra

BertSpeakerDetector speaker attribution eng

CoOccurencesGraphExtractor network extraction any

ConversationalGraphExtractor network extraction any

Table 2.: Existing steps and their supported languages in Renard. Languages are named according to
their ISO-639-3 code.

on each token. We finetune that NER model on the Novelties v0.1.0 dataset we introduced in
Section 3.1.2.

Coreference Resolution: BertCoreferenceResolver

We base our coreference module on the end-to-end system of Lee et al. [113]. We reimplement
their system using PyTorch, and add a few enhancements:

• We use a pretrained BERT encoder [60] instead of a Bi-LSTM, as Joshi et al. [102] show
that it yields to better performance.

• We support singleton mentions by using an additional mention loss, as described by Xu
and Choi [228].

• We support hierarchical merging on long texts, as introduced by Gupta et al. [87]. Hier-
archical merging allows processing long documents with less computational power and
memory by computing coreference resolution on blocks of texts, and then recursively
merging coreference chains from adjacent blocks.

Considering the limited number of freely available easy-to-use coreference models, we pro-
vide our coreference system as an independent open release under the name Tibert [18]13.
Tibert allows to easily perform coreference resolution inference, but also to train a model
with a few lines of codes, and already supports three datasets: Litbank [29], fr-Litbank14 and
WikiCoref [80]. We make Tibert available as a Python package on PyPI (pip install tibert).

13 https://github.com/CompNet/Tibert

14 https://github.com/lattice-8094/fr-litbank

32

[ December 16, 2024 at 20:23 – classicthesis version 4.2 ]

https://github.com/CompNet/Tibert
https://github.com/lattice-8094/fr-litbank


Speaker Attribution: BertSpeakerDetector

We implement a speaker attribution module based on the speaker rating model we proposed
previously [7]. Since freely available speaker attribution models are rare, we freely release
this system separately under the name Grimbert [15]. We also freely release a model trained
on PDNC 15.

Our model takes as input a quote qt and a set P of candidate speakers, and predicts speaker
yt. To do so, the model computes a score st,i between 0 and 1 for each candidate speaker pi:
that score represents the probability P(yt = pi) of pi being the speaker of quote qt. We can
then predict yt = argmaxi(st,i). In cases where maxi(st,i) < 0.5, we consider that the model is
unsure of its prediction, and we predict “unknown speaker”.

In order to compute score st,i, we first produce a representation of quote qt and of each
candidate speaker pi. To do so, we embed the context surrounding the quote (including the
quote itself) using a SpanBERT encoder [101]:

SpanBERT(ot,l ...ot,n) = et,l...et,n (6)

We take the delimiter of quote qt in its context to produce its representation f (qt) = [et,k; et,l],
where ; denotes concatenation. We compute the representation of a candidate speaker pi as
the average embedding of their mentions in context: g(qt, pi) = meanj(mi,j).

But Gandalf stood firm.
'You cannot pass,'      he said. 
The orcs stood still, and a dead silence fell.

SpanBERT
ot,1

ot,n

ot,k ot,l

ot,1

ot,k
ot,l

ot,n

Scorer
0.8

quote representation

candidate speaker
representation

ot,k ot,l

Figure 8.: Scoring process for quote "You cannot pass" and candidate speaker "Gandalf".

Using these two representations, we compute st,i as the score of the positive probability
class calculated using a feed-forward network (FFN) followed by a softmax:

st,i = so f tmax
(

FFN
(
[ f (qt); g(qt, pi)]

))
pos

(7)

Figure 8 shows the process of scoring a candidate speaker for a specific quote.

Character Unification: GraphRulesCharacterUnifier

We base Renard’s character unification step on the rule-based system inspired by Vala et al.
[202]. We keep some rules as-is, but adapt and delete some others. The module works by first
creating a graph, where each vertex is a unique alias extracted by a previous NER step. Then,
we use a set of rules to connect or disconnect two different aliases in this graph. After having
applied all rules, we merge the connected components to obtain sets of aliases {S1, ..., Sn} that
hopefully correspond to characters. We use the following rules:

1. When two aliases have a first or last name in common, connect them (“Emma” and
“Emma Woodhouse”).

15 https://huggingface.co/compnet-renard/spanbert-base-cased-literary-speaker-attribution
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2. When two aliases are related according to a hypocorism gazetteer (“John” and “Johnny”),
connect them.

3. When one of the two above rules holds when removing honorifics, connect them (“Mr.
John” and “Johnny”).

4. When connected aliases have the same last name but a different first name, delete all
vertices in the shortest paths between them (“John Traitor” and “Smith Traitor”).

5. When two names have a different inferred gender, delete all the edges in the shortest
paths between them (“Mr. Traitor” and “Miss Traitor”). We infer gender using honorifics,
and coreference chains when they are available.

6. When coreference information is available, we connect two aliases if they are deemed to
be coreferential. We consider two aliases to be coreferential when they appear together
in one or more coreference chains, and never appear without the other in other chains.

3.4 evaluation and error analysis

Since the quality of the networks extracted by our pipeline is important for applications, in
this section, we strive to understand the performance of Renard. We also shed light on the
impact of NER and coreference resolution errors on the extracted networks, in order to guide
future research on improving extraction.

3.4.1 Evaluation Measures

To understand the quality of networks extracted by Renard, we need a set of evaluation
measures. We base our measures on the work of Vala et al. [202] on alias resolution.

Let Gp = (Vp, Ep) be a predicted character network, and Gg = (Vg, Eg) be the corresponding
gold network. Let each vertex of Vp and Vg represents the set of aliases {a1, a2, · · · , an}
of the underlying character. In order to know whether the predicted network Gp correctly
contains vertices and edges similar to the gold network Gg, we first need to match their
characters, since a vertex in Vp is not necessarily present in Vg and vice versa. Thus, we
start by computing a mapping fV from the set of predicted vertices Vp to Vg ∪ {v∅}. This
mapping associates any predicted vertex u ∈ Vp to a gold vertex v ∈ Vg or to the null
vertex v∅, meaning u is not associated with any character in Vg. Note that the null vertex v∅
represents the empty ensemble of aliases. Symmetrically, we construct a mapping gV from
Vg to Vp ∪ {v∅}. As Vala et al. [202], we compute these mappings by means of maximum
bipartite matching. We leverage the alias sets represented by the vertices to compute Vertex
Precision PreV and Vertex Recall PreR

16:

PreV = max
fV

∑u∈Vp
1 − |u− fV(u)|

|u|
|Vp|

(8)

RecV = max
gV

∑v∈Vg
[gV(v) ∩ v ̸= v∅]

|Vg|
. (9)

Measure Vertex F1 (F1V) is the harmonic mean of Vertex Precision and Vertex Recall.

16 We employ the Iverson bracket notation, where [P] = 1 if proposition P is true, and 0 otherwise.
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For edges, we use mappings fV and gV to construct mappings fE and gE:

fE
(
{u, v}

)
=


{

fV(u), fV(v)
}

, if fV(u) ̸= v∅ and fV(v) ̸= v∅

e∅, otherwise,
(10)

with e∅ being the null edge. Finally, we compute Edge Precision and Edge Recall:

PreE = max
fE

(∣∣{ fE(e) : e ∈ Ep} ∩ Eg
∣∣

|Ep|

)
(11)

RecE = max
gE

(∣∣Ep ∩ {gE(e) : e ∈ Eg}
∣∣

|Eg|

)
. (12)

We define Edge F1 (F1E) as the harmonic mean of Edge Precision and Edge Recall.
We also introduce weighted variants of these network measures (WPreE, WRecE and WF1E)

in order to take into account the weights of the network edges. Each weight corresponds to the
number of interactions between the connected characters. Before computing the measures, we
normalize the weights by dividing by the maximum edge weight in the network. We compute
Precision and Recall as follows:

WPreE = max
fE

(∑e∈Ep
1 −

∣∣w( fE(e))− w(e)
∣∣

|Ep|

)
(13)

WRecE = max
gE

(∑e∈Eg
1 −

∣∣w(e)− w(gE(e))
∣∣

|Eg|

)
, (14)

where w(e) is the function that computes the normalized weight of edge e. w(e) is 0 when
e = e∅. Weighted measures evaluate the quality of the distribution of weights in the predicted
network, and are always less than or equal to their unweighted counterparts.

3.4.2 Evaluation Corpus

In the remainder of this chapter, we perform all of our experiments on the Litbank literary
corpus [29, 30]. We use the NER and coreference resolution layers of the dataset. Since
Litbank is designed for nested NER while the Renard NER step performs flat NER, we flatten
the Litbank annotations using an automated algorithm. We use coreference chains of PER

entities as the ground truth for the character unification step, since coreference resolution on
characters is equivalent to character unification. We extract gold character networks using
these annotations and the graph extraction step.

Litbank is composed of excerpts from 100 novels of approximately 2,000 tokens each. Since
these excerpts can be short, we restrict our analysis to the 30 novels involving at least 10

characters. This prevents high deviation of network quality measures when a vertex or an
edge is modified in the prediction. We use the remaining 70 novel excerpts to train coreference
resolution models: we use 63 of these 70 novels (90%) as a training set, and the remaining 7

as a development set.

3.4.3 Pipeline Performance

Experiments

We apply Renard to the 30 excerpts we select for analysis and extract co-occurrence networks.
Since multiple coreference resolution measures exist and none of these are entirely satisfying
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or measure the same thing, we report a large set of measures including MUC [204], B3 [26],
CEAF [124], BLANC [163] and LEA [137]. We also report the performance of a pipeline
without the optional coreference resolution step, in order to assess the usefulness of the task.
We consider a co-occurrence window of 32 tokens. To be precise, we evaluate the following
Renard pipelines:

# w corefs

Pipeline(

[

NLTKTokenizer(),

BertNamedEntityRecognizer(),

BertCoreferenceResolver(),

GraphRulesCharacterUnifier(link_coref_mentions=True),

CoOccurrencesGraphExtractor(co_occurrences_dist=(32, "tokens"))
]

)

# w/o corefs

Pipeline(

[

NLTKTokenizer(),

BertNamedEntityRecognizer(),

GraphRulesCharacterUnifier(),

CoOccurrencesGraphExtractor(co_occurrences_dist=(32, "tokens"))
]

)

Results

Table 3 shows the NER and coreference resolution performance of our Renard pipeline. NER
performance is below the reported state-of-the-art on datasets from other domains such as
CoNLL-2003 [195] where the best systems obtain F1 scores higher than 90. While part of this
lack of performance may be due to the way we transform the nested Litbank dataset to a flat
NER dataset, we observe a high disparity of performance between novels, with an F1 ranging
from 51.16 to 97.30. This matches our observations [16] and the ones from Dekker et al. [59],
indicating challenges that are specific to some novels. We see examples of these challenges in
Chapters 4 and 5. Meanwhile, the performance of coreference resolution is lower than what
Bamman et al. [30] report on a 10-fold experiment on the same corpus. This may be due to the
lower number of excerpts in our training set (63 vs. 80), which is required for our analysis.

Table 4 shows the performance of the Renard pipeline on our test corpus of 30 excerpts,
depending on whether we add the optional coreference step or not. Vertex and Edge F1

are higher when omitting coreference information, likely because the performance of the
coreference resolution algorithm is not high enough, leading to the detection of spurious
mentions, which misleads both the character unification and co-occurrence detection steps.
In general, edge recall is quite low, meaning a lot of interactions between characters are
missed.

Meanwhile, using coreference information proves to be important to increase weighted
edge measures. Even though coreference resolution leads to a compromised network struc-
ture overall, it allows the pipeline to detect more character mentions, leading to a better
estimation of the relative strength of their interactions.
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Task Measure Mean Min Max

NER F1 79.58 51.16 97.30

Coref MUC 78.45 64.31 88.75

B3 54.87 41.53 70.40

CEAF 47.04 34.31 59.75

BLANC 60.82 40.64 79.82

LEA 28.84 19.44 43.95

Table 3.: Renard pipeline performance on NER and coreference resolution. We compute the Mean,
Min and Max values over the series formed by the measures of the 30 novel excerpts of our
analysis set.

Measure w/ coref w/o coref

F1V 57.64 70.39

F1E 40.19 44.93

WF1E 33.53 30.55

PreV 59.32 68.99

PreE 48.07 62.07

WPreE 38.40 39.91

RecV 57.77 74.00

RecE 39.37 37.81

WRecE 33.17 26.18

Table 4.: Renard performance on network extraction with or without the coreference resolution step.

3.4.4 Comparison with Large Language Models

Experiments

Since Renard is a pipeline, errors may cascade and degrade performance. Meanwhile, end-to-
end approaches are less modular and explainable, but are not subject to cascading errors by
design. Therefore, inspired by the recent advances in LLMs, we survey their capability to be
used as character network extractors, and compare them to Renard.

llm-coref We remark that the last network extraction step, co-occurrence detection, is
completely deterministic: we simply add an edge between two characters if one of their
mentions is in the chosen co-occurrence window. Therefore, in the case of a co-occurrence
network, we can define the extraction problem as span extraction, where each extracted span
must be assigned to the correct character. This problem definition could also be viewed as a
coreference resolution on characters only. To tackle the problem this way, we prompt LLMs
to mark character mentions in the text with a unique character ID.

llm-e2e Given an input text, we simply prompt LLMs to produce the corresponding char-
acter network in a simplified version of the XML-based Graphml format.
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We use few-shot prompting by providing examples of the task to the model. Appendix A.1.2
shows the exact prompt we use for LLM-Coref and LLM-E2E. For both methods, we make an
effort to parse the LLM output in order to fix the slightly incorrect output format. We survey
two proprietary models, GPT3.5 Turbo [46]17 and GPT4o18, and a recent open weights model,
Llama3-8b-instruct [197]. We compare our LLM-based models with the Renard pipeline with-
out coreference information, as described in Section 3.4.3.

Results

Results of our extraction methods LLM-Coref and LLM-E2E can be found in Table 5.

LLM-Coref LLM-E2E Renard

Measure Llama3 GPT-3.5T GPT4o Llama3 GPT-3.5T GPT4o

F1V 37.93 28.99 52.32 56.87 44.26 62.98 70.39

F1E 23.20 16.96 38.85 29.35 20.91 30.42 44.93

WF1E 15.17 11.39 32.72 20.17 14.33 24.35 30.55

PreV 42.86 52.50 68.78 67.96 61.04 77.96 68.99

PreE 57.85 65.78 62.62 59.01 64.39 65.76 62.07

WPreE 34.69 37.25 51.46 40.56 44.75 53.97 39.91

RecV 25.12 22.15 32.28 53.18 37.87 34.24 70.39

RecE 10.34 9.18 23.38 21.32 13.24 13.12 37.81

WRecE 6.86 6.34 19.77 14.86 9.14 10.44 26.18

Table 5.: Comparison between the network extraction performance of LLM-based extraction methods
and our Renard pipeline. Llama3 stands for Llama3-8b-instruct, GPT-3.5T for GPT-3.5 Turbo.

llm-coref If we observe F1 scores, GPT4o performs the best amongst the LLMs we sur-
vey, followed by Llama3-8b-instruct and GPT-3.5 Turbo. LLMs particularly struggle with
recall, with GPT3.5 Turbo and Llama3-8b-instruct missing a lot of character occurrences.
Qualitatively, both of these models either miss a lot of mentions, or start hallucinating a
lot of mentions before continuing that way through the output, influenced by their previous
predictions. Llama3-8b-instruct also has trouble respecting the output format, sometimes gen-
erating invalid output. GPT4o is much more consistent, although it still misses a high number
of mentions. When compared against the Renard pipeline, LLMs results are generally lower,
except for Edge Precision and for weighted edge measures where GPT4o trades precision for
recall.

llm-e2e Results are generally higher than LLM-Coref method, highlighting the importance
of the output format. If we focus on F1 scores, we observe the same ranking between LLMs,
with GPT4o beating Llama3-8b-instruct and GPT3.5 Turbo. Generally, LLMs display high
vertex and edge precision, even surpassing the pipeline sometimes. However, their recall still
lags behind Renard.

17 GPT3.5 checkpoint: gpt-3.5-turbo-0125
18 GPT4o checkpoint: gpt-4o-2024-05-13
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3.4.5 NER Impact Analysis

Experiments

To assess the impact of NER errors, we propose to start from a pipeline with gold NER
predictions. As an example, we may start with the following predictions:

Gold Predictions Example
B-PER

One-Eye
O

pranced
O

over
O

and
O

took
O

a
O

poke
O

at
B-PER

Goblin
O

.

Then, we progressively degrade the performance of NER while observing the impact on
the quality of the extracted networks. To degrade task performance, we add uniformly dis-
tributed perturbations to the predictions corresponding to different types of errors. We em-
ploy the two following NER perturbations:

add spurious ner mention We add a random false positive to the NER prediction by
uniformly sampling a non-entity span (up to a certain span size) from the text, to reduce
precision.

Add Spurious NER Mention: Example
B-PER

One-Eye
O

pranced
B-PER

over
O

and
O

took
O

a
O

poke
O

at
B-PER

Goblin
O

.

remove correct ner mention We remove a true positive from the NER predictions
by uniformly sampling from the predicted NER mentions, to reduce recall.

Remove Correct NER Mention: Example
B-PER

One-Eye
O

pranced
O

over
O

and
O

took
O

a
O

poke
O

at
O

Goblin
O

.

Results
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Figure 9.: Network measures versus number of degradation steps for “add spurious NER mention”
and “remove correct NER mention” perturbations.

Results of applying NER perturbations can be found in Figure 9.
Unsurprisingly, reducing NER Precision has a direct effect on Vertex Precision, which plum-

mets as more NER false positives are added. Edge Precision also sharply decreases as a result,
while Vertex and Edge Recall slowly decrease down to a plateau. Meanwhile, reducing NER
Recall sharply lowers network Recall measures, but Vertex Precision is not affected. Edge
Precision measures become undefined after a while.
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As we could intuitively expect, NER performance has a high impact on network quality.
Since NER performance varies greatly depending on the novels as we note in Section 3.4.3,
enhancing performance for challenging novels is an important concern that should be ad-
dressed by future research.

3.4.6 Coreference Resolution Impact Analysis

Experiments

To understand the impact of coreference resolution errors, we proceed as in NER. We start
from gold predictions (colors indicate coreference chain):
Gold Predictions Example

1 One-Eye pranced over and took a poke at 2 Goblin , trying to break 2 his concentration.

And slowly apply perturbations while observing network quality measures. We employ
the four following coreference resolution perturbations:

add spurious mentions We add singletons (mentions linked to no other mentions) to
the predictions consisting of incorrect mentions, by uniformly sampling non-mention spans
(up to a certain span size).
Example

1 One-Eye pranced over and took a 3 poke at 2 Goblin , trying to break 2 his concentration.

remove correct mentions We remove a correctly predicted mentions from the predic-
tions by uniform sampling.
Example

One-Eye pranced over and took a poke at 2 Goblin , trying to break 2 his concentration.

add spurious links We add incorrect coreference links between two mentions, wrongly
merging coreference chains together. We uniformly sample the incorrect links in the set of all
possible incorrect links.
Example

2 One-Eye pranced over and took a poke at 2 Goblin , trying to break 2 his concentration.

remove correct links We remove correct links between predicted mentions, wrongly
splitting coreference chains. We uniformly sample links among all existing correct coreference
links.
Example

1 One-Eye pranced over and took a poke at 2 Goblin , trying to break 3 his concentration.

Results

The results of applying coreference resolution perturbations can be found in Figure 10.

add spurious mentions Adding spurious singletons does not affect our character uni-
fication algorithm, and therefore has no impact on the quality of the extracted network.
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Figure 10.: Network measures versus the number of coreference resolution degradation steps.

remove correct mentions Removing correct mentions mainly affects edge measures:
characters are still recognized correctly, but some co-occurrence interactions are lost due to
missing character mentions, leading to fewer edges.

add spurious links Adding wrong coreference links sharply decreases all network ex-
traction performance measures: characters are harder to recognize, and interactions are miss-
ing. This is driven by rules 5 and 6 of our character unification step (Section 3.3.3), that are
both fed wrong information. While it would be possible to not apply these rules, rule 6 is the
only one that allows linking two mentions with completely different forms.

remove correct links Network edge measures are affected the most by coreference
links removal, while vertex measures stay somewhat stable.

Not all coreference resolution errors prove to be equal in terms of impact on network
quality. Adding spurious links is the most harmful degradation, while adding spurious sin-
gletons does not affect our character unification algorithm. Meanwhile, other errors mainly
impact edge performance measures. Therefore, if one concern is to extract characters only, a
conservative coreference algorithm with low linking recall but high linking precision might
give sufficient performance. However, when extracting edges between characters, both high
precision and recall are necessary, in terms of mentions as well as linking.

3.5 conclusion

In this chapter, we presented the NLP tasks needed to extract character networks from textual
content. We described the existing extraction systems. Noting some of their shortcomings, we
implement Renard, a modular extraction pipeline that can be leveraged to study the impact
of NLP task errors on the extracted networks. To evaluate Renard, we propose new network
evaluation measures (Vertex F1, Edge F1 and Weighted Edge F1). Then, to better understand
the weak points of pipeline-based approaches, we conducted a detailed study of the impact of
NER and coreference errors on the extracted network. Through this study, we saw that NER
performance is crucial to character network extraction. Since NER performance depends
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strongly on the studied novel, we posit that understanding the specifics of novels and fixing
the related errors is one of the next steps to improve character network extraction. We also
observed that some errors in coreference resolution are more impactful than others. In order
to predict the correct character aliases, linking precision is more important than linking recall,
so developing a conservative linking algorithm is a possible next step to improve extraction.
However, to extract edges, linking precision and recall are both necessary.

In the two following chapters, we try to improve NER performance in order to extract
networks of higher quality. We first show how to increase recall on unconventional names in
Chapter 4, and then work around the range issue of transformers-based models in Chapter 5.
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In the previous chapter, we show that NER performance is crucial when it comes to extract-
ing character networks. We also highlight that it varies a lot between novels, which indicates
specific challenges for some of them. In this chapter, we tackle one of these challenges: unseen
name styles. We start from the article of Dekker et al. [59], where they remark that mentions
with some specific names from the literary domain are harder to detect for standard NER
models. The models they survey are trained on data from a different domain (often on the
popular newswire dataset CoNLL-2003 [195]), where some types of names do not appear.
This issue is particularly marked for fantasy texts, where name styles can be specific and
greatly differ from one lore to another. In the context of character network extraction, not
detecting an alias mention because of its form is problematic, as it can lead to missing a
character completely.

This name detection issue is a specific instance of the cross-domain NER problem: in this
setup, a model is trained on a dataset from a source domain (in the case of Dekker et al. [59],
newswire texts), and evaluated on a dataset from a different target domain (e.g. the literary
domain), which is challenging due to the difference in data distribution. To alleviate this
issue, we propose to use a data augmentation technique, mention replacement [58], which
allows injecting names of a specific style in the training dataset.

This chapter is based on our work published in the COMHUM 2022 workshop [13] and
the TALN conference [14]. It is organized as follows: we first introduce the issue of unseen
name styles in more detail in Section 4.1. We mention related work on cross-domain NER and
introduce mention replacement in Section 4.2. We describe the experiments through which we
test the possible benefits of mention replacement in Section 4.3, and their results in Section 4.4.
We perform these experiments in a cross-domain setup where the source domain is newswire
articles and the target domain is fantasy literature. Given the high difference between these
two domains, these experiments serve to check if our method can increase performance when
source and target domains are distant. To see if the method is beneficial when these domains
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are close, we perform additional experiments in Section 4.5 on a setup where literary data
is available, but the target domain is of a specific literary genre (fantasy) not present in the
training data. We release all the source code needed to reproduce our experiments under a
free license1.

4.1 unseen name styles

Dekker et al. [59] perform a study where they evaluate several off-the-shelf NER systems
for the purpose of extracting character networks from literary texts. They observe that NER
performance varies greatly across novels, ranging from good (92.31 F1) to terrible (2.13 F1).
While not as important, we also observe this variation when evaluating Renard in Section 3.4.3.
Dekker et al. [59] find that a large part of the false negatives produced by the evaluated
models (i.e. undetected mentions) stem from two specific types of names: word names (names
that are also regular words, such as Valor or Mercy) and apostrophed names (such as Rand

al’Thor or Shai’Tan). In the case of word names, they observe that replacing them with
more common names (such as Richard or Vincent) results in better detection: in Glen Cook’s
fantasy novel The Black Company, where a lot of characters have a nickname formed by a
common noun or an adjective (such as Sleepy), they observe a very large improvement from
6.85 to 90.00 F1-score. In the case of apostrophed names, simply removing the apostrophe
yields performance improvements: in Alexandre Dumas’ The Three Musketeers, removing the
apostrophe from mentions of the main character D’Artagnan yields an improvement from
13.91 to 53.00 F1-score. Together, these experiments tend to show that the issue regarding
these names is linked to their form, and not to their surrounding context.

We suspect that these shortcomings come from the datasets used to train the NER systems
assessed by Dekker et al. [59]. Indeed, existing NER systems are usually trained on the main
publicly available datasets (such as Ontonotes [213], CoNLL-2003 [195] or WikiGold [28]),
which come from a few domains (news, Web...). Among these mainstream datasets, none
contain texts of the literary domain, and annotating new datasets is costly. Applying off-the-
shelf NER systems to literary texts likely suffers from these systems integrating knowledge
specific only to their training data. This may lead to a mismatch in style between typical
person names from training data and literary texts. This seems to be particularly the case
in the fantasy genre, where character names can have very unusual styles depending on the
setting.

4.2 cross-domain ner and mention replacement

The setting where the domain of the training data is different from the one of the testing data
is called cross-domain NER, and a few techniques exist in the literature for that specific setting.
Gururangan et al. [88] survey domain-adaptive pretraining, a technique where a pretrained
model continues pretraining on the target domain, and show that it leads to performance
gains. While it achieves gain on multiple domains, domain-adaptive pretraining is computa-
tionally expensive as a large amount of unlabeled data from the target domain is employed
for pretraining. Ding et al. [61] train a generative language model to produce new examples
by directly including NER tags in the generated text. Chen et al. [50] train a neural architec-
ture to transform examples from the training domain to examples closer to the test domain.
More recently, Yang et al. [231] propose FactMix, a two-step data augmentation process per-
forming mention replacement followed by masked token replacement. However, as far as we

1 https://github.com/CompNet/ddaugNER
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Augmentation List Example Names

conll Pierre Fulke, C. Rangaranjan, Craig Stadler

wgold John McLaughlin, Penley, Fresquito Fresquet

fantasy Minbid-Dal, Thaminiel Stone-Singer, Jalrana Ostorius Halfmoon

novelties Dancing, Rand al’Thor, Logen Ninefingers

Table 6.: Example names sampled from different augmentation lists.

know, previous works are not specifically concerned with literary texts or the mismatch in
person names between domains. In this chapter, we propose a first look into that problem,
and propose to use a comparatively simpler technique based on data augmentation.

Rabinovitch is winding up his terms as ambassador
  B-PER     O     O    O   O    O   O      O

Dagoth  Ur    is winding up his terms as ambassador
B-PER  I-PER  O     O    O   O    O   O      O

mention replacement

Figure 11.: Example of mention replacement in a source sentence from CoNLL-2003 [195]. We replace
the mention Rabinovitch with the fantasy-style Dagoth Ur. In this specific example, the
sentence labels have to be slightly modified to account for the higher number of tokens of
the replacement entity.

Generally speaking, data augmentation is the generation of new synthetic training exam-
ples. Data augmentation techniques can be used to address data scarcity problems, or to
increase the diversity of the training dataset to reduce overfitting. While these techniques are
ubiquitous in image processing [181], they are less commonly explored in NLP [72], and even
less for NER [58]. In an article from 2020, Dai and Adel [58] survey a few simple data aug-
mentation schemes for NER, and show that they can improve NER performance, especially
in the case of small training datasets. Among the augmentation scheme they survey, we are
specifically interested in mention replacement, which can inject new names in the training
dataset. It consists of generating new examples by replacing tokens from an entity mention
found in the training dataset with tokens from another mention of the same type. Figure 11

shows an example of this process. Based on the same principle, we propose to randomly
replace training mentions with ones from an augmentation list of names of the same domain
as the test dataset.

4.3 experiments

4.3.1 Mention Replacement

To perform mention replacement, we compose lists of replacement names that do not come
directly from the evaluation dataset. When generating a new example, we take an existing
training example, copy it and replace one of its annotated mention by uniformly sampling
from the augmentation list. In order to keep sentences as coherent as possible, if the same
name originally appears in multiple mentions, we replace each of its occurrences by the same
sampled name.
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Name Set Exact Match Partial Match Unseen

conll (train) 8.35% 67.46% 24.19%

wgold 3.58% 57.41% 34.92%

fantasy 10.39% 71.21% 18.40%

novelties 100% 0% 0%

Table 7.: Overlap of different augmentation lists with the set of character names from our evaluation
dataset. The "exact match" column reports the proportion of PER labeled tokens from our
evaluation dataset that are also in the studied name set. The "partial match" column is the
proportion of PER labeled tokens containing a wordpiece [225] that exists in the studied name
set. Finally, the "unseen" column indicates the rest of PER labeled tokens from the evaluation
dataset.

In order to understand whether injecting names from the target domain is really beneficial,
we compare different lists:

• Internal Augmentation (conll) We compose an augmentation list with all the PER forms
of the training CoNLL-2003 dataset [195]. This augmentation list enables us to check the
impact of our data augmentation scheme when no data from another domain is injected
in the training dataset.

• External Out-Of-Domain Augmentation (wgold) We constitute an augmentation list
with the PER forms of the WikiGold [28] NER dataset. WikiGold contains 145 annotated
Wikipedia articles. Our goal with this list is to assess the impact of injecting new data
in the training dataset, when data are outside the target domain.

• External In-Domain Augmentation (fantasy) We scrap the entirety of the names from
Bethesda’s The Elder Scrolls series of video games that are mentioned on the Unofficial
Elder Scrolls Pages, a wiki dedicated to The Elder Scrolls universe2. In total, we retrieve
22,748 first names, 4,879 last names, 647 suffixes and 37 prefixes. We combine these
to form new names: when performing mention replacement, we randomly compose
a new name by first sampling from a set of valid forms ([first name]+[last name],
[prefix]+[first name]+[last name], ...). We weight this sampling by a rough approx-
imation of each form’s frequency. When a form has been selected, we uniformly sample
a name part for each of the form’s elements.

• Perfect Augmentation (novelties) We create an augmentation list with all the anno-
tated mentions of the test dataset. We use this list to establish the upper bound of our
augmentation strategy.

Table 6 shows a few example names sampled from these lists. Meanwhile, Table 7 shows the
overlap of our augmentation lists with the set of names from the fantasy subset of Novelties,
our evaluation dataset. As expected, our fantasy list is closest to it, with 10% of Novelties
PER tokens exactly matching in the list and 71.21% partially matching.

Since we are interested in knowing the impact of the number of generated examples, we
compare the performance of models trained with different augmentation rates. We define the
augmentation rate as the ratio of examples generated over the dataset size, so an augmentation
rate of 1 would mean generating as many examples as there are examples in the dataset, and
an augmentation rate of 0 corresponds to the vanilla dataset.

2 https://en.uesp.net/wiki/Main_Page
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Galladon Gandalf Vin Camon Raoden

Pug Selia Chivalry Arlen Bran

Bilbo Jon Jake Mercy Laird

Kip Silvy Bug Tam Cotillion

Table 8.: Top 20 character names that were better detected by a model trained with data augmentation
(10% augmentation rate) but not by a model trained with the original dataset only.

4.3.2 Datasets

training dataset We train our model on a slightly modified version of CoNLL-2003 [195],
which is one of the best known and used NER dataset. CoNLL-2003 is composed of 14,041

sentences from news articles. Our modifications consist of including honorifics as part of
annotated mentions to be consistent with our evaluation dataset (see below). The training
dataset contains annotations for four classes: persons (PER), organizations (ORG), locations
(LOC) and miscellaneous (MISC). Despite restricting ourselves to character detection (PER class),
we keep annotations for every class, since we observe that training the model with all classes
increases NER performance.

evaluation dataset We evaluate our NER model on the fantasy subset of our Novel-
ties 0.1.0 dataset. This subset consists of approximately one chapter from 17 fantasy novels.
We chose to focus on fantasy as we expect fantasy names to be challenging to detect given
their particularities, as observed by Dekker et al. [59]. The testing dataset only contains PER

mentions.

4.3.3 Training and Evaluation

We fine-tune a BERT model [60] with an added classification head on our training dataset,
and report its performance on our evaluation dataset depending on the augmentation rate.
In order to obtain stable results, we report the mean of the results from 10 fine-tuning runs
for each augmentation rate that we test. We train models without augmentations for two
full epochs, while we adjust the number of training steps for models with augmentation
so that they learn on the same number of examples as models without augmentation. We
use a learning rate of 2 · 10−5 [60], and we initialize each model with the bert-base-cased

checkpoint of the transformers library [223]. At inference time, each model predicts NER tags
separately for each sentence, and we do not provide it with any additional context. Since the
evaluation dataset only contains annotations for the PER class, we simply discard predictions
made for other classes.

4.4 results

Results can be seen in Figure 12. We report performance according to the CoNLL-2003 guide-
lines [195] and using the Python seqeval library [144]. We observe an increase in recall and a
decrease in precision for all augmentation lists.

Injecting in-domain names greatly increases recall, as can be seen with the results of using
the fantasy and novelties augmentation lists. Our fantasy augmentation scheme increases
recall by up to roughly 7.5 points, at the cost of some precision. Table 8 shows the top-20
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Figure 12.: Precision, recall and F1-score against augmentation rate for different augmentation lists.
Each data point corresponds to the mean of 10 runs. Error bars represent the 95% confi-
dence interval.

names that were better recalled using the fantasy augmentation. These are mostly fantasy
names that do not appear in the CoNLL-2003 training dataset. Adding perfect information
increases recall by up to 11 points, showing that large gains are possible. Meanwhile, injecting
out-of-domain names in the training dataset with the conll or wgold lists trade recall, but in
a smaller proportion. This shows the importance of injecting data from the target domain to
improve performance.

To try to understand the decrease in precision when using data augmentation, we perform
some additional experiments. Based on our manual investigation of the false positives, we
formulate two hypotheses that we want to test:

h1 Adding more examples with PER mentions modifies the class distribution in the dataset,
progressively leading to a situation of class imbalance where these mentions are way
more frequent than those of the other classes (LOC, ORG and MISC). As we observe that
removing other classes from the training dataset is detrimental to PER detection perfor-
mance (possibly because having more classes makes the model better at distinguishing
between them), we suppose that class imbalance can be detrimental as well.

h2 Increasing name variety in the training set encourages the model to try and make PER

predictions for tokens whose classes are ambiguous given a specific sentence. We deem
a token “ambiguous” when the context given to the model does not suffice to infer its
correct class (for example, when it is not possible to distinguish between a PER and a
LOC mention using only an input sentence).
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Figure 13.: Precision, recall and F1-score against augmentation rate for different augmentation meth-
ods, using the fantasy augmentation list. Error bars represent the 95% confidence interval.

4.4.1 Class Imbalance

To check if the decrease in precision is due to class imbalance, we test two different methods to
inject names in the training dataset that should not suffer from the class imbalance problem:

• Upsample and balance: After adding newly generated examples to the dataset, we copy
some of the original examples and add them to the dataset to restore the original class
distribution.

• Replace: Instead of adding newly generated examples to the dataset, we substitute them
for the original training samples.

Figure 13 shows the performance of a model trained on a dataset modified with the above
augmentation methods. The upsample and balance strategy still increases recall, but does not
fix the precision issue. Meanwhile, the replace strategy still makes precision decrease, and
also generally decreases performance for an augmentation rate greater than 20%. As none of
these two methods are able to fix the precision issue, we conclude against h1: class imbalance
is not a plausible cause of precision decreasing.

4.4.2 Name Variety and Ambiguous Occurrences

In order to check h2, we analyze the difference in false positives between a model trained with
augmentation and a model trained without it. As errors can vary between runs, we perform
three training runs for each model and keep the false positives that are consistent between
the runs. We then observe the set of false positives of the model trained with augmentation
that are not present in the set of false positives of the model trained without augmentation.
This allows us to analyze errors that are specific to our augmentation scheme.

We manually find that for 51% (41/81) of these false positives, the model attributes a PER

label to some tokens even though the context alone is not sufficient to know the correct label
of the mention, such as in the following example from Elantris:

Raoden stood, and as he did, his eyes fell on Elantris again.

Here, the model correctly predicts that Elantris is a mention to detect, but gives it the
class PER while Elantris is actually a city (which corresponds to the LOC class). Of course,
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Figure 14.: F1-score, precision and recall against different context sizes for a model trained without
augmentation (noaug) and a model trained with augmentation (fantasy) (60% augmenta-
tion ratio). Error bars represent the 95% confidence interval.

predicting the correct class of Elantris in this example would only be a matter of luck, as the
given context alone is not sufficient.

Overall, this result shows a bias towards the PER class, that was introduced by increasing
the variety of possible names at training time. To try and mitigate this effect, we supply
the model with a broader context, in the hope that this context can help to resolve some
ambiguities. In our previous example, the next sentence gives enough context to predict the
correct entity type for Elantris:

Raoden stood, and as he did, his eyes fell on Elantris again. Resting

in the great city’s shadow, Kae seemed like an insignificant village by

comparison.

We define a context size of n as giving the model the n sentences that precede the considered
sentence, as well as the n sentences that follow it.

Figure 14 shows the effect of giving more context to models trained with augmentation
(fantasy) or without it (noaug). As can be seen, context is beneficial to both models, steadily
increasing F1-score. Precision increases a lot for the model trained with augmentation, as
previously ambiguous mentions are now correctly labeled. Using our previously described
method for error analysis, we find that only 40% (33/82) of the mentions found in false
positives are deemed ambiguous for a context size of 1. Meanwhile, the recall augmentation
for the noaug model can be attributed to it predicting PER mentions in previously ambiguous
cases. While adding more context results in greater recall for the noaug model, it still never
surpasses the recall of the fantasy model.

4.5 adaptation from literary texts to a specific genre

Our experiments show that, in the case of cross-domain NER, injecting names of the target
domain into the training dataset can improve recall at the cost of some precision. However,
we performed our previous experiments in a setup where the source domain (news) is largely
different from the target domain (fantasy). In a more practical setup, researchers might have
access to a few texts from one or several literary genres (source domain), and want to improve
performance on an unseen genre (in our case, fantasy). To understand whether our augmen-
tation scheme is beneficial for this use case, we perform an additional experiment: we repeat
the same experiment as above, but we change the training dataset to the non-fantasy portion
of Novelties v0.1.0 (excerpts from the 23 remaining novels). We keep the fantasy subset of
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Novelties v0.1.0 as the test set. We supply the model with the largest context size we survey
in previous experiments (8), as it results in the highest performance.

4.5.1 Results
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Figure 15.: F1-score, Precision and Recall against augmentation rate for a model trained on the non-
fantasy portion of Novelties v0.1.0. We perform augmentation with the “fantasy” list.

The base performance when training on a literary corpus is, as we can expect given the
proximity between the training and test domains, higher than when training the model on
the CoNLL-2003 corpus. Compared to that setup, we also observe a general increase in recall
and decrease in precision, albeit in smaller proportions.

4.6 conclusion

In this chapter, we demonstrated the usage of a simple data augmentation technique to better
detect fantasy names when performing NER. This technique is both simple to implement
and computationally cheap when compared to other techniques such as domain-adaptive
pretraining [88]. While this technique greatly increases model recall, precision decreases as
the model sometimes does not have enough information to predict the correct entity class of
some mentions. We showed that this issue can be mitigated by giving the model more local
information. However, for the same context size, our technique always results in greater recall
but lower precision. In the context of character detection, we argue that this trade is beneficial:
while false positives can be filtered after performing NER (automatically or manually), false
negatives are not easily recovered. We also note that increasing the NER context has a positive
impact on recall in general.

In this chapter, we focused on local neighboring context, and we show that it helps dis-
ambiguate some mentions. Nevertheless, the information necessary to disambiguation is not
always present near the processed sentence, and might exist in more remote parts of the novel.
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In the next chapter, we further investigate the role of context in NER, and we question the
benefits of document-level context when it comes to entity type disambiguation.
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We show in Chapter 3 that the performance of NER has a fundamental impact on character
network extraction. While pre-trained transformer-based models are able to solve the NER
task with a very high F1-score [60, 229], the quadratic complexity of their attention mechanism
means taking an entire long document as input is computationally costly [192]. The common
way of avoiding this pitfall is to process documents block by block, in a rolling window
fashion. In that case, we our model suffers from a range limitation: it is unable to obtain
information from the whole document. Yet, document-level context is useful for entity type
disambiguation: for NER, lacking access to this context can result in errors [188]. This can
occur when the type of an entity mention cannot be inferred from the local context. For
instance, in the following sentence from the fantasy novel Elantris, one cannot decide if the
underlying entity of mention Elantris is a person (PER) or a location (LOC) without prior
knowledge:

“Raoden stood, and as he did, his eyes fell on Elantris again.”

In the novel, this prior knowledge comes from the fact that a human reader can recall previous
mentions of Elantris, even at a very long range. A vanilla transformer-based model applied
sequentially with a rolling window, however, might make an error without a neighboring
sentence clearly establishing the status of Elantris as a city.

To try and solve the range limitation of transformers, a number of authors recently ex-
plored "efficient transformers", with a sub-quadratic complexity (see Tay et al. [193] for a
survey). Still, long sequences remain challenging [192]. We posit that a model does not need
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the entire document to successfully carry NER, but that a limited number of relevant context
spans is enough. In that case, retrieval-based methods can circumvent these issues, by re-
trieving relevant context from the document and concatenating it to the input. Unfortunately,
while some general context retrieval datasets such as MSMarco [27] exist, no context retrieval
dataset is available for NER, and manually annotating such a dataset would be costly. This
lack of data prevents from using a specialized supervised context retrieval method.

Meanwhile, instruction learning has very recently seen an increasing focus from the NLP
community [165]. Instructions-tuned models are able to solve a variety of tasks (classification,
regression, recommendation...) provided they can be formulated as text generation problems.
Inspired by the progress of these models, we propose to generate a synthetic context retrieval
dataset using an LLM in order to train a supervised retrieval model. Since applying this
retriever on a whole document is costly, we instead use it as a re-ranker, by first retrieving a
set of candidate contexts using simple retrieval heuristics and then keeping the best sentences
among these.

In this chapter, based on our work published in the ACL 2023 [17] and EMNLP 2023 [16]
conference, we make the following contributions:

• We develop a method to generate a synthetic context retrieval dataset adapted to the
NER task.

• We train a neural context retriever on that dataset, and use it at NER inference time to
retrieve relevant context.

• Through comparisons with existing unsupervised and supervised retrievers, we high-
light the benefits of our re-ranker for NER performance.

We release our code and data to reproduce our experiments under a free license1.
We organize this chapter as follows. First, we quickly survey related works in Section 5.1.

We then describe the context retrieval method we propose in Section 5.2, including how to
generate a synthetic context retrieval dataset using an LLM and the design of our neural
context retriever. We describe the experiments we perform to test this retriever in Section 5.3,
and analyze their results in Section 5.4.

5.1 related work

ner and context retrieval Different external context retrieval techniques have been
leveraged for NER [123, 209, 240]. External resources in which to retrieve context can include
online wikis or knowledge bases. Comparatively, few studies focus on document-level context
retrieval, which can be used even when no external resources are available. While popular
texts have available resources, this lack of resource is realistic for lesser known ones. Related
to our work, Luoma and Pyysalo [125] introduce majority voting to combine predictions made
with different contexts, but their study is restricted to neighboring sentences and ignores
document-level context. Comparatively, we propose a retrieval system based on retrieval and
re-ranking at the document level.

re-rankers In the field of information retrieval, re-rankers are used to complement more
traditional retrievers such as BM25 [166]. In that setting, given a query and a set of passages,
a traditional retriever is first used to fetch a certain number of candidate passages. Then, a
more computationally expensive re-ranker such as MonoBERT [147] or MonoT5 [148] refines

1 https://github.com/CompNet/conivel
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that batch by retrieving the top-k passages among these candidates. While supervised re-
rankers offer good performance, they necessitate training data, and annotation can be costly.
To avoid this issue, we propose a re-ranker tailored to the NER task that is trained on a
synthetic retrieval dataset generated using an instruction following LLM.

instruction-following llms Instruction-following LLMs are trained to output text
by following user instructions. Multitask learning [139, 177, 211] and fine-tuning on instruc-
tions datasets [51, 191] are two common training paradigms for these models. One of the goals
of these training methods is to obtain good zero-shot performance for a variety of tasks, mak-
ing instruction-following models very versatile. Our synthetic dataset generation task calls
for models producing longer outputs than multitask learning-based models such as BloomZ
or mT0, which are biased in favor of short outputs [139]. We therefore select Alpaca [191], an
instruction-tuned model based on Llama [197].

5.2 method

In this section, we start by introducing the document-level context retrieval task for NER in
Section 5.2.1, as well as the context retrieval model we propose to use. Then, since no dataset
exists for this task, we detail how we generate a synthetic context retrieval dataset using an
instruction-following LLM in Section 5.2.2.

Description (all classes) Prompt template ’{INPUT SENTENCE}’ - In the preceding

sentence, {ENTITY MENTION} is a character. Invent a

one-sentence description for this character, mentioning

their name.

Example input sentence [One-Eye]’s handicap in no way impairs
his marvelous hindsight.
Example generated context One-Eye is a wise and mysterious
character with a penchant for coming up with invaluable insights
after the fact.

Action (PER only) Prompt template Invent a single sentence depicting

the character ’{ENTITY MENTION}’ performing an action,

mentioning their name.

Example input sentence "It’s my stomach, [Croaker],"
Example generated context Croaker was whistling a jaunty tune
as he strolled through the Park.

Movement (LOC only) Prompt template Invent a single sentence depicting a

character of your invention going to {ENTITY MENTION}.

You must mention the name of the character.

Example input sentence Lightning from a clear sky smote the
[Necropolitan Hill].
Example generated context The gothic vampire Count Necropolis
ventured to Necropolitan Hill, his ancient stomping grounds.

Table 9.: Prompts templates and examples of positive context retrieval samples generated by Alpaca-
7b.
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Positive examples swapping Example input sentence We left in pretty good time and came
after nightfall to Klausenburgh
Example context Forley was an adventurous and daring indi-
vidual who was never afraid to take risks

Negative sampling Example input sentence I am afraid that I have been tempted
into too great length about the Italian Catherine; but in truth she
has been my favourite.
Example context said Alice, as she swam about, trying to find
her way out.

Table 10.: Examples of negative context retrieval samples generated by positive examples swapping or
negative sampling.

5.2.1 Document-Level Context Retrieval

We define the document-level context retrieval problem as follows: given a sentence si and
its enclosing document Di, we must retrieve Si, a set of k relevant sentences in Di. We define
relevance as being helpful for predicting the entity mentions in si by allowing entity class
disambiguation. After retrieving Si, we concatenate its sentences to si, in order to form a list
Ŝi, while keeping the relative ordering of sentences in Di. After context retrieval, we compute
NER labels for sentence si by inputting Ŝi into a NER model and keeping only the labels
related to si. Figure 16 provides an overview of our retrieval process.

In practice, for our neural context retriever, we use a BERT model [60] followed by a re-
gression head, which is reminiscent of MonoBERT [147]. For a given sentence and candidate
context, we concatenate them using a special [CLS] token and input the resulting text into
our model. The retriever outputs the estimated relevance of the candidate context for the
input sentence between 0 and 1. Because applying our model on the whole document is
computationally costly, we use our retriever as a re-ranker: we first retrieve some candidate
contexts using cheaper heuristics such as BM25 [166] (cf. Section 5.3.2) before re-ranking these
sentences.

5.2.2 Context Retrieval Dataset Generation

No context retrieval dataset exists for the task of retrieving relevant context for NER at the
document level. Without supervision, we cannot train a supervised model to solve this task
and are restricted to unsupervised retrieval methods. Therefore, we set out to generate a
synthetic dataset using the instructions-tuned LLM Alpaca [191].

We define a context retrieval dataset as a set of 3-tuples (si, sj, y), where:

• si is the input sentence (the sentence for which we wish to retrieve context).

• sj is the retrieved context sentence.

• y is the relevance of sj with respect to si: either 1 if sj is relevant, or 0 otherwise.

Depending on whether the example is positive (y = 1) or negative (y = 0), we design
different generation methods.
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[CLS] Minas Tirith was impressive [SEP] Minas Tirith is the Capital of Gondor [SEP]

B-LOC I-LOC O O

Named entity recognition

Ŝi input sentence augmented with context
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NER Annotations of input sentence si
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context
sentences

Figure 16.: Overview of our neural re-ranker performing context retrieval.

positive examples For each NER class in our dataset (PER (person), LOC (location) and
ORG (organization)), we empirically observe which types of sentences can help for disambigua-
tion with other classes. We determine that the following categories of sentences are useful:

• For all classes (PER, LOC and ORG): descriptions of the entity explicitly mentioning it
(Description).

• For the PER class only: sentences describing the PER entity performing an action (Action).

• For the LOC class only: sentences describing a PER entity going to the LOC entity (Movement).

We design a prompt for each of these types of sentences that, given an input sentence and
an entity mention, can instruct Alpaca to generate a sentence of this type. Table 9 shows
these prompts and some example sentences generated by Alpaca-7b. Given a sentence si
from our NER training dataset, we uniformly sample an entity mention from si and generate
sj by instructing Alpaca with one of our prompts. This allows us to obtain a positive context
retrieval example (si, sj, 1). We repeat this process on the whole NER training dataset. To
avoid overfitting on the most frequent entity mentions, we generate exactly one example per
entity form in the dataset. We filter out sentences sj that do not contain the target entity
mention string from the input sentence si.

negative examples We use two different techniques to generate negative examples:

• Negative sampling: given a sentence si from a document Di, we sample an irrelevant sen-
tence by randomly selecting a sentence from another document Dj. Negative sampling
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generates some contexts with entity mentions, but most of them do not contain any
entity mention.

• Positive examples swapping: given an existing positive example (si, sj, 1), we generate a
negative example (si, sk, 0) by replacing sj with a context sk from another positive exam-
ple. Since we generate a single positive example per entity form, sk has a high chance
not to contain an entity mention from si. All context sentences sk contain an entity men-
tion. We use this additional generation technique because we found that generating
examples using only negative sampling led to the model overfitting on contexts con-
taining entity mentions (since negative sampling does not guarantee that the retrieved
context contains an entity mention).

generated dataset We generate two context retrieval datasets: one with Alpaca-7b,
and one with Alpaca-13b. They contain respectively 2,716 and 2,722 examples2. Interestingly,
the models display a knowledge of some entities from the dataset when generating samples,
probably thanks to their pre-training. For example, when asked to generate a context sentence
regarding Gandalf the Grey from The Lords of the Rings, an Alpaca model incorporates the fact
that he is a wizard in the generated context even though it does not have this information
from the input text.

5.3 experiments

5.3.1 Unsupervised Retrieval Baselines

To see if training our supervised context retriever is beneficial for NER, we compare its per-
formance with the following unsupervised baselines:

• no retrieval: The model performs the NER task on each sentence separately, without
additional context.

• surrounding: Retrieves sentences that are just before and after the input sentence. This
baseline is equivalent to a NER model applied sequentially, where the model only has
access to local context as opposed to global, document-level context.

• bm25: Retrieves the k most similar sentences according to the BM25 scoring scheme [166].
BM25 computes the similarity between two pieces of texts by considering their common
terms and their relevance.

• samenoun: Retrieves k sentences that contain at least a noun in common with the input
sentence. Our hypothesis is that sentences with common nouns will likely contain
common entity mentions, which might help the model to disambiguate the class of
input mentions. We identify nouns using the NLTK [38] library.

5.3.2 Inference

At inference time, we retrieve context in the whole novel to ensure that the model has access
to document-level context. To avoid heavy computational costs, we use our neural context

2 The number of examples between the two datasets is different because of the filtering process when generating
positive examples. This filtering occurred very rarely, as the vast majority of generated sentences included the
target entity mention.
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retriever as a re-ranker. For each sentence si of the dataset, we first retrieve a total of 4n
candidate context sentences using the following heuristics:

• n sentences using the bm25 heuristic.

• n sentences using the samenoun heuristic.

• The n sentences that are just before the current sentence.

• The n sentences that are just after the current sentence.

With this setting, the same candidate sentence can be retrieved by different heuristics: to
avoid redundancy, we filter out repeated candidates. We experiment with the following values
of n: {4, 8, 12, 16, 24}.

After retrieving 4n candidate contexts, we compute their estimated relevance with respect
to the input sentence using our neural context retriever. We then concatenate the top-k con-
texts to the input sentence si before performing NER prediction. We report results for a
number of retrieved sentences k from 1 to 8.3

5.3.3 Re-ranker Baselines

We compare our system with the following trivial re-ranker baselines:

• random re-ranker: We retrieve 4n sentences with all the unsupervised heuristics (as
described in Section 5.3.2), and then randomly select k sentences from these candidates.

• bucket random re-ranker: Same as above, except we select k/4 sentences for each
heuristic.

These baselines allow us to observe the real benefits of re-rankers. We also compare our
retriever with supervised re-rankers trained on the MSMarco passage retrieval dataset [27]:

• bm25+monobert: We retrieve 16 sentences using BM25, and then use the MonoBERT-
large [147] re-ranker to retrieve the k most relevant sentences. This configuration simu-
lates a classic information retrieval setup.

• all+monobert: We retrieve 4n sentences using all the unsupervised heuristics (as de-
scribed in Section 5.3.2), and then use the MonoBERT-large re-ranker to retrieve the k
most relevant sentences. This configuration is the closest to our neural retriever, so we
use it to compare the influence of the training dataset.

• bm25+monot5: Same as bm25+monobert, but using a MonoT5 re-ranker [148].

• all+monot5: Same as all+monobert, but using a MonoT5 re-ranker.

5.3.4 Re-Ranker Training

We train our neural context retriever on the synthetic dataset we generated as described in
Section 5.2.2 for 3 epochs with a learning rate of 2 × 10−5. To study the importance of the
LLM size that we use when generating our synthetic dataset, we generate our context retrieval
dataset with two differently sized versions of the same model; as detailed in Section 5.2.2:
Alpaca-7B (7 billion parameters) and Alpaca-13B (13 billion parameters) [191].

3 The samenoun heuristic is an exception, as it may retrieve fewer than k sentences in some cases. This is because
some input sentences have fewer than k contexts in the document with at least one common noun.

59

[ December 16, 2024 at 20:23 – classicthesis version 4.2 ]



5.3.5 Named Entity Recognition Model

In all of our experiments, we use a pre-trained BERT model [60] followed by a classification
head fine-tuned for 2 epochs with a learning rate of 2 × 10−5. We use the bert-base-cased

checkpoint from the huggingface transformers library [223].

5.3.6 Evaluation

We evaluate models on the Novelties v0.1.0 literary NER dataset we introduce in Section 3.2.1.
As a reminder, it is composed of the first chapter of 40 novels, and has 3 NER classes: Person
(PER), Location (LOC) and Organization (ORG). We split each document into sentences. To
perform context retrieval on the entire novels, we also collect the full text of each novel.

We compute the F1-score of our different configurations using the default mode of the
seqeval [144] library for reproducibility. We perform all experiments 5-folds, and report the
mean of each metric on the 5 folds. To compare the different retrieval configurations fairly,
we train a single NER model and compare results using this model and different retrieval
methods. For retrieval methods that are not deterministic (some re-rankers and the samenoun

heuristic4), we report the mean of 3 runs to account for variations between runs.

5.4 results

In this section, we discuss the results of our experiments. We start in Section 5.4.1 by finding
the optimal configuration of neural context retriever by surveying the number of candidate
contexts to retrieve before re-ranking and the size of our Alpaca model. Then, we compare
our retriever with unsupervised retrievers in Section 5.4.2, and with supervised re-rankers in
Section 5.4.3. Finally, we study the influence of the context window (i.e. the window in which
the retrieval system is allowed to retrieve context) in Section 5.4.4.

5.4.1 Neural Re-Ranker Configuration Selection

We first set out to find the optimal configuration of our neural context retriever. We survey
the number of candidate contexts 4n to retrieve before re-ranking, and the size of the model
used to generate the synthetic context dataset. Figure 17 shows the NER performance of the
neural retriever trained with either Alpaca-7b or Alpaca-13b for different values of n.

number of candidate contexts We find that n = 4 is too low, probably because not
enough relevant candidate contexts are retrieved to obtain good performance. Increasing n
leads to better performance for high values of the number of retrieved sentences k. However,
the best performance is obtained for values of k between 2 and 5.

llm model size We find that the size of the Alpaca model (7b versus 13b) has very
little influence on the final NER performance for all surveyed values of n. Qualitatively, we
observe that examples generated using Alpaca-7b are linguistically correct and respect our
instructions, trumping the need for a larger model.

In the rest of this chapter, we discuss the best configuration we found in this experiment,
unless specified otherwise: the neural retriever trained using Alpaca-7b and with n = 8

4 The samenoun method is not deterministic since it randomly retrieves among candidate sentences that have a
common noun with the input sentence.
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Figure 17.: Effect of the number of candidate sentences 4n on the performance of our neural context
retriever, trained using a dataset generated with Alpaca-7b or Alpaca-13b.

and k = 3. We also keep the same configuration for the supervised baselines. With that
configuration, our neural re-ranker achieves an F1-score of 98.01 on the evaluation portion of
our synthetic context retrieval dataset.

5.4.2 Comparison with Unsupervised Retrieval Methods

Figure 18 shows the Precision, Recall and F1-score of our NER model when using our re-
ranker or different unsupervised retrieval methods. Retrieval with any method is beneficial
(except when retrieving 6 sentences or more with surrounding or bm25), but our neural re-
ranker generally outperforms all the simple heuristics. Specifically, it beats the no retrieval

configuration by around 1 F1 point, with its peak performance being when the number of
retrieved sentences k = 3. All configurations benefits Recall (except surrounding when k = 8),
but they can all have a negative impact on Precision depending on the value of k.

Input sentence Candidate contexts Score

"The Ministry of Truth – Minitrue, in
Newspeak [Newspeak was the official lan-
guage of Oceania."

"The Ministry of Truth, which concerned
itself with news, entertainment, education,
and the fine arts."

1.0

"Winston made for the stairs." 0.0

"The eldest of these, and Bilbo’s favourite,
was young Frodo Baggins."

"Then he disappeared inside with Bilbo, and
the door was shut."

1.0

I feel I need a holiday, a very long holiday,
as I have told you before.

0.0

Table 11.: Example predictions of the neural context retriever.

per-book results Figure 19 shows the F1 score per book for our retrieval method and the
unsupervised retrieval methods, for a single retrieved sentence. Our neural context retriever
is better or on par with other configurations for 50% of the novels (20 out of 40). Performance
varies a lot depending on the novel, with the highest improvement of the neural method over
the no retrieval configuration being 8.1 F1 points for The Black Company.
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Figure 18.: NER Precision, Recall and F1-score comparison between our neural retriever and unsuper-
vised retrieval methods.

5.4.3 Comparison with Re-Rankers

We compare the F1 of our neural re-ranker with existing re-rankers trained on MSMarco [27]
in Figure 20. All the supervised methods outperform the random re-rankers, showing that
they can indeed retrieve useful context. Our model outperforms the other supervised meth-
ods, albeit slightly. While results are close, this is still interesting as we used generated data
only while the other supervised approaches were trained with gold annotated data. We note
that using multiple pre-retrieval heuristics (the all+ configurations and our neural re-ranker)
is generally better than using only BM25, which tends to show that retrieving sentences with
BM25 alone may lead to missing important context sentences.

5.4.4 Size of the Context Window

To understand the role of the size of the context window, we compare between retrieving con-
text in the first chapter of each book only as in [17] and retrieving context on the entire book.
Figure 21 shows the performance of the bm25, samenoun and neural configurations depending
on the context window. For the neural configuration, since the number of retrieved sentences
4n may have an influence on the results, we report performance with values of n in {4, 8, 12}.

bm25 Retrieving a few sentences from the current chapter seems more beneficial to the bm25
heuristic. However, performance decreases sharply when retrieving more than 2 sentences
in the same chapter. This effect is weaker when retrieving context in the whole book, which
seems indicative of a saturation issue, where the number of helpful sentences that can be
retrieved using bm25 in a single chapter is low.
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Figure 19.: NER F1 Score per book for different retrieval methods, with a number of retrieved sentences
k = 1.

Figure 20.: NER F1 score comparison between our retriever and different re-ranking methods.

samenoun The performance of the samenoun heuristic seems to follow the same pattern
as bm25. Retrieving a few sentences from the current chapter seems better than doing so in the
full document. This might be because the current chapter has a higher chance of containing
sentences talking about an entity of the input sentence. Meanwhile, it is better to retrieve
contexts in the whole book for values of k > 4, possibly because such a number of retrieved
sentences means the heuristic has a high enough chance of retrieving a relevant sentence at
the book level.

neural The context window seems critical for the performance of the neural retriever. Re-
trieving context only in the current chapter suffers from a large performance drop compared
to retrieving context in the whole book. This is true even for different values of the number
of retrieved sentences 4n.
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Figure 21.: NER performance of different retrieval methods for different context window sizes as a
function of the number of retrieved sentences k. For the neural configuration, we report
performance for values of n in {4, 8, 12}.

5.5 conclusion

In this chapter, we have shown how to train a neural context retriever tailored for NER
on a synthetic context retrieval dataset. Our retrieval system can be used to enhance the
performance of a NER model, achieving an average gain of around 1 F1 point over a raw
NER model and beating unsupervised retrieval heuristics. This performance gain heavily
depends on the studied novel, as some novels benefit way more from context retrieval than
others. We also demonstrated results on par or better than re-rankers trained using manually
annotated data.

A limitation of our neural context retriever is that the relevance of each candidate context
sentence is estimated separately. This is problematic, since it can lead to the model retrieving
redundant context sentences instead of a set of sentences where each is useful. A possibility
of improvement could be to iteratively add each candidate to the input sentence and rank the
remaining candidates with respect to that newly formed input. Future works may expand on
our method by exploring whether taking the candidate context sentences’ relationships into
account can have a positive impact on performance.

Since NER performance has a crucial impact on character network extraction, as we high-
light in Chapter 3, our results are a step towards extracting better networks from novels. We
also note that our proposed method, generating a retrieval dataset using an instructions-tuned
LLM, could be leveraged for other NLP tasks where global document-level retrieval is useful.
The only prerequisite needed to generate such a dataset is the knowledge of which types of
context samples can help to improve the performance of a local task, in order to generate pos-
itive samples. Applying our method to other NLP tasks needed to extract character networks,
such as coreference resolution, could therefore further improve extraction.
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In Chapter 4 and Chapter 5, we focus on improving the performance of NER to extract
better character networks. In this chapter, we present contributions to network applications
through two case studies:

• Literary analysis on Alfred de Musset’s Lorenzaccio in Section 6.1. This section is based
on our oral communication at the Journées d’Informatique Théâtrales [8].

• Narrative alignment on George R. R. Martin A Song of Ice and Fire and its adaptations
in Section 6.2. This section is based on our journal article published in Social Network
Analysis and Mining [9].

On both of these applications, we make use of dynamic networks, highlighting their useful-
ness despite their low usage in the character networks literature compared to static networks.

6.1 analysis of theater plays : a case study on lorenzaccio

As we discuss in Chapter 2, character networks are largely used for literary analysis [110].
In this section, we focus on Alfred de Musset’s Lorenzaccio, a French romantic theater play
of 1834. Because of its complexity, Lorenzaccio was intended to be read rather than played,
although it has seen live performances after the death of its author. The play adapts real
events that occurred in the city of Florence in the 16th century. Florence, in this setting,
is governed by Duke Alexander de Medicis, to the general resentment of the population.
The story tells us about the efforts of different factions to try to overthrow or influence him.
Lorenzo de Medicis, the main character, becomes close to Alexander and gains his trust for
the sole purpose of murdering him to liberate the city. The Strozzi family, led by Philippe
Strozzi, are fervent republicans, and hesitate throughout the play on whether to overthrow
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Alexander. Meanwhile, Marquise Ricciardia Cibo, manipulated by Cardinal Cibo (her brother-
in-law), schemes to become Alexander’s lover and influence him. But, eventually, all of these
characters’ efforts are in vain: in the last act, despite Lorenzo killing Alexander, Cosmo de
Medicis is appointed in his place by the Council of Eight, executing the order of the pope.
The situation at the end of the play is almost the same as at the start: Florence is simply ruled
by another Medicis that will apply the same politics.

When reading the play, it seems to be composed of disconnected subplots that correspond
to the different conspiracies against Duke Alexander. Therefore, in this case study, we are
interested in the following research questions:

• Can we identify these subplots?

• What is the relative importance of these subplots?

• Are there interactions between subplots?

• Can we automatically detect conspiracies against a character?

To answer these questions, we extract three different networks by extending Renard [20],
our modular extraction library we presented in Section 3.3. Each of these networks models
a specific type of interaction: co-occurrence, mention and conversation. We also leverage
dynamic networks, which are not as often used as static ones in the literature. We work
on the original French text of the play, but in this section, we translate the names of the
characters in English for clarity. To do so, we base ourselves on the public domain translation
of Thomson and Lorenzetta1. For reproducibility, we make our source code and data available
under a free license2.

6.1.1 Character Network Extraction

To extract character networks from Lorenzaccio, we use the version of the play available in
TEI format through the DraCor project [73]. We develop several custom modules for our
extraction library Renard, which allow us to process this TEI file. We manually correct a
frequent issue in this file, where the same characters can have different identifiers. Moreover,
we choose to group minor individual characters into a single collective character to limit their
influence on the extracted networks. These are characters designated by a generic name (“The
Soldier”, “The First Cavalier”) who appear in a few scenes and belong to a group containing
several such characters. For instance, we group the various exiles from Florence (“First Exile”,
“Second Exile”, “Another Exile”, etc.) into a single common vertex, “The Exiles”. Table 12 shows
all these grouping operations. We also remove from the network the vertex “the Eight”, as it’s
a group character that appears only once and represents other characters that already exist in
the network.

We extract three different static networks:

• A co-occurrence network (Figure 22a): This undirected network describes the joint par-
ticipation of characters in the same scene. We connect two characters when they appear
together in at least one common scene and weight this edge based on the number of
scenes they share throughout the play.

1 https://labare.net/Lorenzaccio-EN/

2 https://github.com/CompNet/Lorenzaccio
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Original Characters Grouped Character

A Voice, Another Voice, First Exile, Second Exile, Third
Exile, Fourth Exile, All The Exiles

The Exiles

The Guests, A Guest, Another Guest Strozzi’s Guests

The Citizen, First Citizen, Second Citizen, A Citizen, Sec-
ond Citizen

The Citizens

First Schoolboy, Second Schoolboy Two Schoolboys

First Nobleman, Second Nobleman Two Noblemen

First Cavalier, Another Cavalier Two Cavaliers

First Lady, Second Lady Two Ladies

The Soldier, The Soldiers The Soldiers

First Preceptor, Second Preceptor Two Preceptors

A Voice in the Crowd, The Crowd The Crowd

The Courtier, The Courtiers, Several Courtiers The Courtiers

Table 12.: List of characters grouped into a single grouped character in our extracted character net-
works.

• A mention network (Figure 22b): This directed network represents the verbal mentions
of characters. We add an edge from character A, who is speaking, to character B, whose
name is explicitly mentioned by A. We weight this edge by the total number of such
mentions across the play. While the speakers are explicitly annotated in the input file,
mentioned characters are not. Therefore, to identify them, we use the French version
of Renard’s NER module that we present in Section 3.3.3. It relies on a CamemBERT
model [133] that we fine-tune on the dataset presented by Alrahabi et al. [6]. Inter-
estingly, in this network, only 3 characters talk about themselves: the main character
Lorenzo, Philippe Strozzi and Marquise Ricciardia Cibo. This fact reveals their nature
as romantic protagonists: the goal of the author is more to dress their psychological
portrait rather than to depict their acts in relation to progressing the plot.

• A conversational network (Figure 22c): This directed network depicts direct verbal inter-
actions between characters. Automatically determining which speaker addresses which
listener is a difficult task, so we use a simple heuristic to approximate these interactions.
We assume that when a character A speaks, they are addressing all other characters
present in the current scene. We direct each edge from the speaker to the listener and
weight it by the number of conversational interactions involving the same speaker and
listener throughout the play.

For each type of interaction, we also extract dynamic networks at the level of scenes and
acts. While it is possible to use different intervals, such as a certain number of consecutive
scenes, we prefer to rely on a division that reflects an explicit choice by the author.
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Figure 22.: Different static networks extracted from Lorenzaccio. The size of vertices and their color
indicate degree. The thickness of edges indicates a) the number of scene co-occurrences b)
the number of mentions c) the number of lines of dialogue between two characters.

6.1.2 Extracting Subplots with Community Detection

In this section, we aim to determine whether our networks reflect the division of Lorenzaccio
into different subplots. Our initial hypothesis, based on our knowledge of the play, is that it
is divided into three subplots:

1. Lorenzo’s assassination of Duke Alexander,

2. Philippe Strozzi’s internal conflict over using violence to free the city of Florence,

3. Marquise Ricciarda Cibo’s attempt to influence Alexander’s policies by becoming his
lover.

Our goal here is to test this hypothesis by comparing it with the social structure depicted in
our character networks, and to identify which subplots dominate the play.

To do so, we propose to observe the community structure of our static co-occurrence net-
work, as it is already used in the literature to detect subplots involving groups of charac-
ters [41, 128, 153]. In our case, we extract communities of k-cliques from our co-occurrence
network using the k-clique percolation method [150]. This technique has the advantage of
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producing communities with possible overlaps: a vertex can therefore belong to multiple
communities, which seems appropriate for stories where characters participate in multiple
subplots, as is the case in Lorenzaccio. Some vertices may also belong to no community, which
is fitting for certain minor characters weakly connected to the rest of the network.
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Figure 23.: k-cliques communities automatically detected in the static co-occurrence network of Loren-
zaccio with k = 5. We keep the same layout as in Figure 22.

Figure 23 shows these communities for k = 5. We select this value of k because it is close
to the average number of characters per scene (4.64), which seems reasonable for identifying
characters interacting in at least one scene. Moreover, based on our knowledge of the play,
our experiments with other values reveal that the communities extracted with a lower k are
narratively too broad or too specific (false positives), while a higher k fails to capture some
communities that we consider important (false negatives).

We interpret the communities as follows:

• People of Florence: The red community corresponds to the general populace of Flo-
rence, observing Duke Alexander’s court in their daily lives. This is especially evident
in the first act, where part of the exposition involves citizens watching and commenting
on the lives of the nobles.

• The assassination of Duke Alexander: The purple community is linked to the subplot
of the assassination of the Duke by Lorenzo. It includes these two characters, as well as
others directly involved in the assassination, such as Catherine, whom Lorenzo uses to
lure the duke to her room.
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• The Strozzi family: The dark blue community corresponds to the Strozzi subplot,
where they debate whether they should use violence to overthrow Alexander, under
the leadership of their patriarch, Philippe.

• Marquise Ricciarda Cibo The light blue community is connected to the subplot of
Marquise of Cibo. She, sometimes influenced by Cardinal Cibo, attempts to seduce the
duke in order to influence his policies. The Marquise is weakly linked to the other
communities, a possible sign that this subplot is peripheral.

• The court and the Council of Eight: The green community corresponds to the Council
of Eight, the court, and the influence of the Holy Roman Empire over Florence. The
Council of Eight is responsible, at the end of the play, for electing the new Duke of
Florence under the Pope’s influence, following the assassination of Alexander.

• The Young Salviati and Strozzi: Finally, the yellow community is peripheral and corre-
sponds to a particular scene where two children from rival families (Young Salviati and
Young Strozzi) fight in front of their tutors. The scene serves as a form of commentary
on the city’s tense atmosphere but has no direct influence on its events.

In summary, we observe two categories of communities. On the one hand, the red and
yellow communities correspond to groups of characters who serve as a backdrop. They
allow the author to depict the situation in Florence through the eyes of its inhabitants and
to establish a certain atmosphere. On the other hand, the purple, dark blue, and light blue
communities correspond to our three subplots: the assassination of the Duke, the Strozzi
family, and the Marquise’s scheme (though more peripheral). The green community also
seems to belong to this second category, even though it is more of an event than a subplot, as
it represents the conclusion of the play with the election of a new Duke.

Vertex Roles and Interactions Between Communities

To understand the interactions between communities, we can use the concept of community
role of vertices to see how they connect or are specific to communities. This concept was intro-
duced by Guimerà and Amaral [85] to describe the function of metabolites in the metabolic
networks of different organisms, but it can be directly applied to character networks. The
method involves projecting vertices into a two-dimensional parametric space. These dimen-
sions are based on the notion of the community degree ki(u) of a vertex, i.e., the number of
neighbors that vertex u has within a community Ci. The first dimension of this space, de-
noted z, is based on the degree of a vertex within its own community, also referred to as its
within-module degree. To express this quantity relative to the community, it is normalized by
calculating its z-score:

z(u) =
ki(u)− µ(ki)

σ(ki)
, (15)

where Ci is the community of vertex u and ki(u) its within-module degree, and where the
terms µ(ki) and σ(ki) denote, respectively, the mean and standard deviation of the within-
module degree for all vertices within the community Ci. The z measure quantifies how
strongly the vertex u is connected to its own community. As a z-score, a negative value
(respectively, positive) indicates a within-module degree below (respectively, above) the com-
munity average. The second dimension of the space is the participation coefficient P:

P(u) = 1 − ∑
1≤i≤K

( ki(u)
k(u)

)2
, (16)
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where K is the number of communities in the network, and k(u) is the (total) degree of vertex
u. The P measure quantifies how uniformly u is connected to the different communities: a
value close to 0 indicates a vertex primarily connected to a single community, while a value
close to 1 indicates a vertex evenly connected to all communities. As noted by [158], the
maximum value of P depends on the number of communities considered.

In the case that Guimerà and Amaral [85] originally address, the considered communities
are disjoint, but here we are dealing with overlapping communities. Since a vertex can belong
to multiple communities at once, we have two options. The first is to artificially reduce the
problem to disjoint communities by considering separately each community containing the
vertex separately. The issue with this approach is that it associates as many values with
the vertex as there are communities to which it belongs, making it difficult to interpret the
results. The second option, which we adopt, is to adapt the z and P measures to the case of
overlapping communities. For z, instead of considering that u belongs to a single community
Ci, we substitute C∗, the union of all the communities containing u:

C∗ =
⋃

u∈Ci

Ci. (17)

We denote k∗ as the community degree calculated over C∗, which allows us to generalize the
notion of within-module degree. We can then reformulate z to obtain our modified version
of the measure, denoted as z∗:

z∗(u) =
k∗(u)− µ(k∗)

σ(k∗)
. (18)

In the case of a vertex v that does not belong to any community, we define z∗(v) = 0. As
for the participation coefficient P, directly applying the formula from Guimerà and Amaral
[85] to overlapping communities may result in some neighbors being counted multiple times.
This can lead to negative values, whereas the measure is normally defined within the range
[0; 1], which prevents proper interpretation of the results. To maintain the original bounds,
we propose adjusting the normalization term by accounting for the multiplicity of neighbors:

k′(u) = ∑
1≤j≤K

ki(u). (19)

Next, we use k′(u) as the denominator in the original formula to obtain our adjusted version,
denoted as P∗:

P∗(u) = 1 − ∑
1≤i≤K

( ki(u)
k′(u)

)2
. (20)

Our two measures z∗ and P∗ are equivalent to the original ones in the case where the com-
munities are not overlapping.

Figure 24 shows the positions of the characters in the z∗–P∗ space, using the same com-
munities as in the previous section. While Guimerà and Amaral [85] empirically defines
different vertex zones that correspond to different roles, we refrain from doing so as our mea-
sures behave differently. Instead, we proceed as Dugué et al. [64], and group vertices using
the k-means algorithm [121], finding k with the elbow method. Colored zones in Figure 24

correspond to the 3 clusters we find. We make the following observations:

• Characters in the top right (red zone) of our z∗–P∗ space have both an important within-
degree module z∗ and participation coefficient P∗. Guimerà and Amaral [85] refers to
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Figure 24.: Position of the characters in the z∗–P∗ space. Several characters have the same position.
Colored zones indicate groups of characters in space that we detect using the k-means
algorithm [121] and the elbow method.

these types of vertices as kinless hubs. They connect different communities, and are there-
fore not clearly associated with a single module. We find two of the main characters
in this group, Lorenzo and Alexander. Both appear in multiple communities (4 and
3, respectively) and can be said to connect different subplots. Overall, they have the
highest participation coefficient of all vertices in the z∗–P∗ space. In general, main char-
acters of the story fall in this red cluster, except for a few ones like Marquise Ricciardia
Cibo. Interestingly, some secondary characters are still present in the cluster, such as the
Citizens, The Goldsmith and the Mercer. While they do not move the plot, they often
appear to comment on Florence’s political situation.

• Characters in the center-left of the space (blue zone) roughly correspond to what Guimerà
and Amaral [85] call peripheral vertices. It mostly consists of minor characters, that ap-
pear in few communities, do not or weakly connect them. Interestingly, the Council of
Eight is part of these vertices, isolated from the other communities, with its members
having a low participation coefficient P∗. This isolation mirrors how the new Duke of
Florence is chosen at the end of the play: the other characters have little influence on the
decision, which is ultimately imposed by the Pope’s will. Only a few minor characters
(the Doorkeeper, the Students, and the Monks) have lower participation coefficients.
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• Characters in the center right of the space (green zone) correspond to non-hub kinless
vertices. While they are connected with different communities, they do not favor con-
nections with one in particular, and are not strongly connected in their communities
compared to other vertices. Many of these characters are minor, except for a few, like
Marquise Ricciardia Cibo. for many minor characters, their large participation coeffi-
cient comes from the fact that they are connected to Alexander or Lorenzo, which are
themselves in multiple communities.

Overall, we see that Alexander and Lorenzo are central characters: they are well-connected
in their communities and connect multiple ones. Vertices with a low participation coefficient
are specific to certain subplots, while other characters participate in different ones. Characters
from the Council of Eight are clearly isolated, mirroring the low influence of other characters
on their decision when appointing a new Duke. This isolation shows the lack of influence of
the protagonists on the destiny of Florence. As is typical in romantic plays, the author spends
time on their psychological aspects, but gives them really low agency over events.

Community Prevalence by Act

To understand the relative weight of the subplots and their distribution over time, we define
the prevalence p(i, j) of a community i within an act j:

p(i, j) =
|Ci ∩ Aj|
|Aj|

, (21)

where Ci and Aj are the sets of characters appearing in community i and act j, respectively.
Prevalence represents the proportion of characters in the act that belong to the considered
community. Since communities overlap, the sum of prevalences for all communities within
the same act does not reach a fixed value, making p difficult to interpret. To compare com-
munities within the same act, we define a normalized version p̄(j, i) of prevalence:

p̄(j, i) =
p(j, i)

∑k p(k, i)
. (22)

With p̄, the sum of values for all communities equals 1 for any given act.
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Figure 25.: Normalized prevalence of the different communities by act. Colors correspond to the com-
munity in Figure 23.

Figure 25 shows the normalized prevalence of communities across the five acts of the play.
We observe the high prevalence of the community representing the people of Florence during
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the first act, which serves to introduce the court. The Strozzi subplot dominates the second
act, while the third act is more balanced. Act 4 marks the peak of the assassination plot, where
Lorenzo kills the Duke. Finally, the court and the Council of Eight community dominate the
last act, where the council decides the fate of Florence by choosing a new Duke. The subplot
of the Marquise remains in the background throughout the play.

6.1.3 Mention and Conversational Networks

Underground Network

Figure 26 shows the network consisting of edges that appear only in the mentions network
but not in the conversational network. We refer to these relationships as underground: the
connected characters never speak directly to each other during the play but mention one
another. In terms of degree, Philippe Strozzi is clearly the most central character in this
network, with 8 neighbors. This confirms his role as an important figure of the agitation
in Florence: characters sympathetic to his ideas are hoping he will make a move, and his
enemies mention him as a potential menace. Meanwhile, Philippe mentions his enemies
Julien Salviati and Duke Alexander. Julien Salviati is the character with the highest in-degree
of the underground network. While this character does not appear very often in the play, he
is a central point in Florence’s tension: suspected of having killed Louise Strozzi, he is the
origin of the Strozzi’s revolt.

The Monks

Louise Strozzi

The Prior

Thomas Strozzi

Alexander de Medicis

Philippe Strozzi

Lorenzo de Medicis

Cosmo de Medicis

Vettori

The Guests

The Mercer

Pierre Strozzi

Two Schoolboys The Young Strozzi

Julien Salviati

Corsi

Canigiani

Alamanno

A Masker

The Purveyor

Marquise Ricciardia Cibo

Valori

Guicciardini

Marie

Sir Maurice

Palla Ruccellai

The Goldsmith

The Exiles

Figure 26.: Directed underground network formed by edges between characters that exist in the men-
tion network but not in the conversational network.

Conspiracies

Lorenzaccio is a play where different conspiracies occur. We want to know if it is possible to
automatically detect these conspiracies using networks. We define a conspiracy as a tuple
(C, t), where C is an ensemble of at least two co-conspirators. We propose a simple detection
algorithm using dynamic mention and conversational networks at the scene level.

Given a target character t, we create an initially empty conspiracy graph Gt. The algorithm
runs through the networks of each scene where the target character is absent, and add a
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vertex to Gt for each character that mentions t, and edges between all these characters. After
running through all existing scenes, we consider connected components of Gt with a number
of vertices greater than one as different co-conspirators groups. We repeat the process for
all the possible target characters of the play. Using this algorithm, we extract the following
conspiracies:

• ({Alamanno, Philippe Strozzi, Strozzi’s Guests, Lorenzo de Médicis}, Alexander de Médicis):
This conspiracy represents the scheme of Lorenzo and Philippe Strozzi, that plot the
murder of Alexander. Alamanno is informed of the idea by Lorenzo during act IV,
which includes him in the co-conspirators group.

• ({Corsini, A Masker}, Lorenzo de Medicis): Corsini is accidentally hurt by Lorenzo during
the first act, as remarked by the masked character, and curses him. Ideally, this conspir-
acy should not be detected by our algorithm, as Lorenzo is physically present in the
scene, but this is only indicated through the masked character’s remark.

• ({Philippe Strozzi, Strozzi’s Guests}, Julien Salviati): the Strozzi family effectively schemes
against Julien Salviati, as they think he had a hand in the murder of Louise Strozzi.

• ({Catherine, Marie}, Lorenzo de Medicis): Catherine and Marie worry about the evolution
of Lorenzo during the years.

• ({Cardinal Cibo, Marquise Ricciarda Cibo}, Alexander de Medicis): The algorithm correctly
identifies Ricciardia Cibo’s conspiracy.

• ({The Exiled, Pierre Strozzi, Marie}, Philippe Strozzi): The Exiled and Pierre criticize the
choice of Philippe to not help them overthrow Alexander. Marie appears in this conspir-
acy because she is present in the same scene and mentions Philippe, even though she
does not directly interact with the Exiled or Pierre.

• ({Pierre Strozzi, The Prior}, Thomas Strozzi): This conspiracy is also a false positive, due to
the non-explicit presence of Thomas Strozzi in the scene.

• ({Corsi, Giomo}, Lorenzo de Médicis): Corsi and Giomo discuss, in the last act, of the
betrayal of Lorenzo.

• ({Corsi, Guicciardini}, Côme de Médicis): In the last act, Corsi and Guicciardini mention
Côme as a possible candidate for the throne of Florence.

A number of the extracted groups described above are not real conspiracies. Even if we
except the false positives due to the approximation we use when extracting conversational
networks, a group of characters can mention another one without scheming against him.
Hence, we propose two ways to filter further our group of conspiracies: topic modeling and
sentiment analysis.

topic modeling In order to keep only relevant conspiracies, we propose to filter the
already detected conspiracies by checking the content of co-conspirators conversations with
topic modeling. To do so, we use the BERTopic system [84]. It starts by representing each
document as an embedding, and then applies a dimensionality reduction technique. Next,
subjects are detected using clustering. Finally, a weighting scheme is used to represent each
cluster with an ensemble of representative words. In practice, we treat each line of dialogue
as a document. We use a multilingual SentenceBERT model [164] to represent these lines of
dialogue, and UMAP [134] to reduce the dimensions of the resulting embeddings. We then
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apply the HDBSCAN clustering algorithm [47], which has the advantage of filtering outliers.
Finally, we use the KeyBERT-inspired weighting scheme included in BERTopic3 to assign a set
of keywords to each cluster. This scheme considers that a word is representative of a cluster
when its embedding is close to the embedding of documents of the corresponding cluster.
We avoid using stopwords as representative words by filtering them beforehand, using the
French stopwords list of the NLTK [38] library. For each conspiracy, we extract the set of
topics mentioned by co-conspirators when mentioning their target. These subjects allow us
to describe conspiracies more precisely, and to filter them manually. For the conspiracy of
Lorenzo and the Strozzi against Alexander, we obtain the following topics4:

• tué, mort, tuerai, Alexander, croire (killed, death, will kill, Alexander, believe).

• Rome, Italie, traître, Lorenzo, despotisme (Rome, Italy, traitor, Lorenzo, despotism).

Thus, this conspiracy is characterized by the semantic field of murder, betrayal and politics
surrounding the city of Florence, making it easily detectable. Meanwhile, the conspiracy of
Marquise Ricciardia Cibo and Cardinal Cibo against Alexander is composed of the following
topics:

• prince, roi, princes, seigneurs, tué (prince, king, princes, lords, killed).

• rêve, rêves, éveillé, autrefois, fantôme (dream, dreams, awake, in the past, ghost).

• évêque, empereur, prêtre, apostololique, roi (bishop, emperor, priest, apostolic, king).

These topics do not evidently indicate a conspiracy, making it hard to detect, even manually.

sentiment analysis While topic modeling is useful to manually filter conspiracies, it
cannot be used to automatically do so. Therefore, we propose to use sentiment analysis.
When constructing the conspiracy graph Gt for target character t, we add a condition to
insert an edge between co-conspirators: their mention of character t must be negative. We
check if this is the case using an adaptation of the VADER [98] sentiment analyzer for french5.
Doing so, we obtain the following conspiracies:

• ({Alamanno, Philippe Strozzi, Strozzi’s Guests, Lorenzo de Medicis}, Alexander de Médicis)

• ({Corsini, A Masker}, Lorenzo de Medicis)

The first one is the main conspiracy of the play, which is detected with success. The second
one reveals the tension between Corsini and Lorenzo.

6.1.4 Takeaways

In this case study on Lorenzaccio, we were interested in 4 research questions:

can identify subplots? To answer this question, we used community detection to try
to identify the different subplots of the play. We note two different kinds of communities:
subplot-related ones and background ones.

3 https://maartengr.github.io/BERTopic/api/representation/keybert.html

4 We keep the five words deemed as most representative for each topic
5 https://pypi.org/project/vaderSentiment-fr/
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what is the relative importance of subplots? Using the community we extracted,
we were able to compute the prevalence of a community in a given scene. This allowed us to
conclude that, while several subplots are taking place at the same time, none of these really
dominates the play. The subplot of the Marquise, however, clearly stays in the background.

are there interactions between subplots? With the concept of community role [85],
we observe that many vertices interact with different communities. The most central charac-
ters, Lorenzo and Duke Alexander, are themselves part of different subplots. Interestingly,
members of the Council of Eight have a low participation coefficient, highlighting how the
final destiny of Florence is unrelated to the protagonists’ efforts.

can we automatically detect conspiracies? We proposed an algorithm to au-
tomatically detect communities using our dynamic mention and conversational networks.
While it is able to detect some conspiracies, it also produces false positives. We propose two
different methods to filter these false positives: a manual one using topic modeling, and an
automatic one using sentiment analysis. Future research might be interested in investigating
our proposed algorithm in a more systematic benchmark.

6.2 narrative alignment : a case study on a song of ice and fire

The process of adaptation consists in transcribing a story from a form (theater, TV show,
novel. . . ) into another [97]. When adapting a story, it undergoes a set of changes, because a
particular adaptation has its own goals and because it must cater to the rules and conventions
of the target form. Studying this adaptation process can uncover the reasons for an adapta-
tion (which can be multiple: economic, making an homage, social commentary. . . ) and the
implicit conventions of the adaptation form. The changes occurring during the adaptation
process involve different aspects of the story, one of these being its plot. For example, when
adapting a novel into a movie, content may have to be cut to respect the usually expected
screen time of a film.

To study the adaptation process in terms of plot, it would be useful to automatically match
narrative units (novel chapters, series episodes. . . ) from one version of a story to another, to
better understand how their arrangement of events differ: in the literature, this task is called
narrative alignment. Pial et al. [155, 156] tackle it using textual features. In this chapter, we
propose to study the potential of character networks to perform narrative alignment. We
proceed on a case study on A Song of Ice and Fire, the well-known series of fantasy novels by
George R. R. Martin, and two of its adaptations: the Game of Thrones TV show and the comics
adapted from the first two novels. We make available all the source code and data needed to
reproduce our experiments6.

We organize this section as follows. We first present our study corpus in Section 6.2.1. We
then provide the general framework for our problem and approach in Section 6.2.2, before
proposing and testing two narrative matching methods: one based on text (Section 6.2.3),
and the other on character network structure (Section 6.2.4). Finally, we combine both ap-
proaches in Section 6.2.5, in order to assess their complementarity. Section 6.2.6 summarizes
our findings.

6 https://github.com/CompNet/Sachan
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6.2.1 Corpus

We explore narrative alignment on a corpus that encompasses three different media:

• Novels: The original A Song of Ice and Fire novels from George R. R. Martin. It consists
of the 5 novels published at the time of this writing, but has yet to be fully completed.
Novels are divided into chapters, each of them following the point of view of a single
character.

• TVShow: The TV show A Game of Thrones, adapted by HBO from the original novels.
Since the release of the TV show was faster than Martin’s publication rhythm, it even-
tually caught on to the existing story in season 5. Season 6 starts to diverge from the
original plot, while seasons 7 and 8 are mainly original compared to Martin’s work.

• Comics: The comics (also titled A Game of Thrones) adapted directly from the first two
novels. They consist of two volumes of 24 and 32 issues, respectively. Each issue is cut
into chapters that each exactly adapt a chapter from the novels. These chapters are not
ordered exactly as in the novels, probably in order to target a specific number of pages
per issue.
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Figure 27.: Plot overlap between the three considered adaptations and studied periods U2 and U5.

For simplicity, we refer to these three works as adaptations. We perform narrative alignment
on all the possible pairs of these adaptations: Novels vs. Comics, Novels vs. TV Show and
Comics vs. TV Show. Since these media do not cover the same portion of events, we study
two different periods: the first two novels, comics volumes, and TV show seasons, noted U2;
and the first five novels and seasons, noted U5. We work on the largest common period for
each pair. Since the TV show diverges more and more from the novels as time progresses,
we additionally study the alignment of the Novels vs TV Show pair over the U2 period in the
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Appendix (see Section A.2.3). Figure 27 shows the plot overlap for all three adaptations and
time periods we consider.

Narrative unit Novels Comics TV Show

Scenes – 1,437 4,165

Blocks – – 739

Chapters 344 143 –

Episodes – – 73

Issues – 56 –

Books/Volumes/Seasons 5 2 8

Table 13.: Numbers of narrative units for all three adaptations.

To perform narrative alignment, we need to define narrative units: each unit represents a self-
contained part of the plot (such as a novel chapter or a TV show episode) that can be matched
to another unit from another medium. We consider different narrative units depending on the
media and the data we have available. For novels, we only consider chapters, are these are the
only units we possess. For comics, we also consider chapters, since they correspond exactly
to novels chapters. In some cases, we additionally consider issues, as we lack data to always
perform matching at the chapter level. Finally, for the TV Show, we consider episodes and
“blocks” when possible. A block is a custom narrative unit we define to try and better match
novel chapters. Since episodes include content from several chapters, this renders matching
more difficult because of the difference in scale. We define blocks as series of contiguous
scenes from the TV Show that ideally correspond to a point of view sequence, i.e. a part of
the story narrated from the perspective of a given character. We make the assumption that
a new block in the TV show starts when there is a change in geographical location, as it is
likely that this indicates that the focus switches to a different character group. We use the
scene-level locations annotations from Jeffrey Lancaster 7 to automatically extract blocks by
considering that two contiguous scenes are from the same block if they occur in the same
location. Table 13 summarizes all the existing narrative units for all the adaptations.

6.2.2 General Framework

Problem Formulation

We define the narrative alignment problem as follows: given two media, let a = (a1, ..., an)

and b = (b1, ..., bm) be the vectors of their constitutive narrative units, with respective lengths
n and m. For example, a could represent episodes from the TV show while b could represent
chapters from the novels. We must find a matrix M ∈ {0, 1}n×m where Mij = 1 if narrative
unit ai corresponds to narrative unit bi, and Mij = 0 otherwise. M describes a many-to-
many relationship: a narrative unit from a may correspond to several narrative units from
b, and vice versa. As an example, an episode from the TV show usually adapts several
chapters from the novels, while parts of the same chapter may appear in distinct episodes. It
is worth stressing that many-to-many matching is much harder than one-to-one matching, as
the relation arity is unknown (i.e. one does not know how many narrative units are involved
on either side).

7 https://github.com/jeffreylancaster/game-of-thrones
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In order to evaluate our narrative matching methods, we gather gold alignments for all
the pairs of media. After manual verification, we adapt the Novels vs. TV Show alignment
from a fan annotation8 who matched chapters and episodes. We create the Novels vs. Comics
ourselves, at the levels of chapters. We use both of these to automatically produce the Comics
vs. TV Show alignment. It is worth stressing that manually extracting such alignments neces-
sitates significant effort, so proposing a method to automate this task with satisfying perfor-
mance would be very useful.

When assessing a matching M given a gold standard matrix M∗ ∈ {0, 1}n×m, we use F1-
score, the harmonic mean of Precision and Recall. We define the following:

• A True Positive (TP) occurs when Mij = 1 and M∗
ij = 1.

• A False Positive (FP) occurs when Mij = 1 and M∗
ij = 0.

• A True Negative (TN) occurs when Mij = 0 and M∗
ij = 0.

• A False Negative (FN) occurs when Mij = 0 and M∗
ij = 1.

We refrain from using accuracy as the gold matrix M∗ is sparse, which means that predicting
0 for all pairs of narrative units would result in a high accuracy despite the resulting matching
M being useless.

Proposed Methods

Our general approach to perform automatic narrative alignment requires first to compute
a similarity matrix S ∈ Rn×m between the two considered media. We elaborate further on
this point in the next subsections, but in summary, we experiment with two different types
of information to obtain this matrix. First, we leverage textual representations of the three
adaptations to derive a textual similarity matrix. Second, we take advantage of character
networks to compute a structural similarity matrix. Finally, we also try to combine textual
and structural similarity to compute a hybrid similarity, in order to understand if they are
complementary.

After computing the similarity matrix S between two media, we use an alignment algo-
rithm to derive a matching from it. We experiment with two different approaches: basic
thresholding vs. the Smith–Waterman algorithm [184]. The former is straightforward: to
produce a matching M, we set a threshold t and we compute Mij as follows:

Mij =

1, if Sij > t

0, otherwise.
(23)

For each pair of media, we estimate the optimal threshold t by tuning it on the two other
pairs. As an example, to compute Mij for the Novels vs. Comics pair, we use the value of t that
gives the best F1-score for the Novels vs. TV Show and Comics vs. TV Show pairs. We consider
thresholding as a simple alignment baseline.

The Smith–Waterman alignment algorithm [184] is a dynamic programming algorithm that
was originally proposed to perform molecular sequence alignment. It identifies the best local
alignment between two sequences by first scoring matches and gaps, and then backtrack-
ing through a dynamic programming matrix. Recently, Pial and Skiena [156] propose the
GNAT alignment tool, and apply it to align plots between novels and the scripts of their

8 https://joeltronics.github.io/got-book-show/bookshow.html
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film adaptations [155]. They modify the Smith–Waterman algorithm to allow for many-to-
many matching. In their formulation, the Smith-Waterman dynamic programming matrix H
is recursively computed as follows:

H(i, j) = max



H(i − 1, j − 1) + Sij,

H(i − 1, j) + g + max(0, Sij),

H(i, j − 1) + g + max(0, Sik),

0.

(24)

Where g is a gap penalty. To obtain an alignment from this matrix, we locate the highest-
scoring cell and extend the segment left towards the start of the sequences until reaching
a zero-score cell. In both articles, the authors limit themselves to textual similarity when
computing the similarity matrix S. In order to also experiment with structural similarity, we
re-implement their many-to-many adaptation of the Smith–Waterman algorithm. Similarly
to the thresholding alignment method, we tune the parameters of the algorithm (such as the
gap penalty g) for each pair of media on the two other media pairs.

In summary, our experimental setup involves three different ways of computing the similar-
ity matrix between adaptations, and two algorithms to leverage this matrix and estimate the
match, which makes a total of 6 methods. We apply them to the three possible pairs of media:
Novels vs Comics, Novels vs. TV Show and Comics vs. TV Show. As stated in Section 6.2.1, each
medium covers a different time period, so we work on the longest common period for each
pair: U2 for the Novels vs. Comics and Comics vs. TV Show pairs, and U5 for the Novels vs. TV
Show pair. For completeness, we additionally study the alignment of the Novels vs TV Show
pair over the U2 period in the Appendix (see Section A.2.3).

6.2.3 Text-Based Method

Our first method leverages textual representations of the adaptations to compute the simi-
larity between them. We originally experimented with long textual representations: entire
chapters, dialogues from TV Show episodes, and texts extracted using OCR for the comics.
However, we found a much better matching performance when using the following short
texts instead.

• Novels Chapters: We scrape the existing chapter summaries from the previously men-
tioned fan Wiki [1]. With a mean length of 4.56 sentences, these summaries are usually
much shorter than episode summaries, and longer than comics summaries.

• Comics Issues: Most (41/56) issues of the comics contain a summary of the next issue
that acts as a teaser. We use OCR to extract these texts, and correct them manually.
For the 15 remaining issues, we manually write summaries of approximately the same
length. The mean length of these summaries is 2.86 sentences, the shortest amongst all
media.

• TV Show Episodes: We scrape the episode summaries of the first five seasons available
from Wikipedia [217–221]. The mean number of sentences in these summaries is 11:
since episodes encompass different points of views and a number of subplots, each of
these is represented by one or more sentences.

These textual sources constrain the narrative units used to represent the plots: we perform
alignment at the chapter level for the novels, at the episode level for the TV show, and at the
issue level for the comics.
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To compute the similarity matrix S between the narrative units of the pairs of media, we
experiment with two different textual similarity functions:

• tfidf : compute the cosine similarity between the bag-of-words representations of two
summaries weighted by standard TF-IDF [130]. This scheme weights each word accord-
ing to its term frequency (TF) and inverse document frequency (IDF) [187], the latter being
an indication of how characteristic of a document a term is.

• sbert: embed both summaries using SentenceBERT [164], and compute their cosine sim-
ilarity. SentenceBERT is a variation of the language model BERT [60] specifically fine-
tuned to extract semantic sentence embeddings, so that two sentences that are semanti-
cally similar should be close in the embedding space.

The results of our textual alignment can be found in Table 14. Matching performance
varies highly between media pairs, with the Novels vs. TV Show pair being the hardest to
match (best F1-score: 22.55) and the Novels vs. Comics being the easiest (best F1-score: 55.24).
The Smith–Waterman alignment algorithm largely outperforms the thresholding baseline in
almost all configurations. The role of the similarity function is more puzzling: while tfidf
performs better when using the thresholding baseline, sbert outperforms it when using the
Smith–Waterman alignment algorithm and obtains the best results. It is important to stress,
however, that embedding summaries using SentenceBERT is computationally much more
expensive than using TF-IDF.

Table 14.: Performance obtained when using text-based representations to tackle the narrative match-
ing task, expressed in terms of F1-score. Values in bold indicate the best performance for a
pair of media.

Sim. Alignment Novels vs. Comics Novels vs. TV Show Comics vs. TV Show

tfidf Thresholding 19.88 15.98 24.13

Smith–Waterman 48.25 17.21 30.68

sbert Thresholding 18.01 8.04 20.28

Smith–Waterman 55.24 22.55 35.96

6.2.4 Structure-Based Method

Instead of using text as in the previous section, we now leverage character interactions to
compute a similarity matrix between the narrative units of a media pair. To do so, we extract
a dynamic network for each media:

• Novels: We use the manual annotations from Gessey-Jones et al. [79]. They applied a
close-reading approach, and recorded each character appearing in a chapter, and every
interaction between two characters in each chapter. Each edge in our network model
interactions. This does include memories, as frequently important plot information
is revealed through a character thinking of past events. As a result, the characters
appearing in a chapter are not necessarily present at that particular time point.

• Comics: We manually annotate the comics at the scene level, using the method from
Labatut [109]. Here, a scene is defined as a sequence of consecutive panels involving
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(a) Novels (b) Comics (c) TV Show

Figure 28.: Static networks extracted from the three adaptations of A Song of Ice and Fire. The novels
network is the biggest, with 1943 vertices overall.

the exact same group of characters, without interruption. In our network, we connect
all characters interacting in the same scene.

• TV Show: Jeffrey Lancaster provides a very rich dataset concerning the TV show9.
We leverage his annotations describing scene co-occurrences. As for the comics, we
assume that two characters occurring in the same scene interact, and connect them in
our network.

We choose the temporal window of these dynamic networks to correspond to the narrative
units of interest. As we highlight in Section 2.1, there are two types of dynamic networks: in-
stant vs. cumulative. The final cumulative networks are shown in Figure 28 for reference. We
only present results obtained with instant networks, since they clearly outperformed cumula-
tive networks in our experiments. We deal with the latter in the Appendix (see Section A.2.4).

Given a character network per narrative unit for two media, we experiment with several
variants of Jaccard’s index to assess their similarity. First, we consider the standard index com-
puted over the sets of vertices present in the compared networks, as well as their sets of edges.
Second, we use the weighted version of the index, a.k.a. Ružička’s similarity [172]. The most
straightforward approach to weight each vertex/edge is to use the number of occurrences of
the characters/interactions. However, we obtain much better results when weighting accord-
ing to the inverse number of occurrences. We present only these results in the following. We
explain this difference by analogy with the IDF part of TF-IDF: using the inverse effectively
gives more importance to less frequent characters/interactions. These are generally more typ-
ical of a narrative unit, compared to frequent characters, which are more likely to be involved
in many narrative units. In the end, we have four ways of measuring the similarity, depending
on whether we compare the vertex or edge sets, using the unweighted or weighted version of
the index.

Computing all four of these similarity measures requires an exact mapping between char-
acters from one media to another in order to obtain a meaningful score. To compute that
mapping, we collect the names of each character among the different media and choose a sin-
gle normalized name for each. Since some characters are not named, we also add a boolean
attribute to all vertices to indicate whether they are named or not. Since we wish to un-
derstand whether minor characters are important to compute meaningful similarity between
narrative units, we create three progressively more restricted subsets of characters: named,

9 https://github.com/jeffreylancaster/game-of-thrones
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containing only the characters that are named, common, containing the named characters that
are common to a pair of media, and top-20, restricting ourselves to the top-20 characters
(ranked by the average proportion of their occurrences in their respective media).

In the rest of this section, we present the results of structural matching as follows. First,
in the next subsection, we apply our methods to the same narrative units as with text in
Section 6.2.3: novel chapters, TV show episodes, and comics issues. This allows us to compare
directly between textual and structural matching. The structural approach is not bound to
these specific units, though, as they were determined by the sources of the textual content
in the first place. One possible issue with them is that they are not on the same scale, i.e.
the chunks of plot they cover are not of comparable sizes. For example, TV show episodes
usually adapt several chapters of the novels. To study the effect of the narrative unit scale, we
also experiment with smaller, commensurate narrative units afterward.

Text-Constrained Narrative Units

The best results of structural alignment with the same narrative units as for text, using the
thresholding and Smith–Waterman alignment methods, can be found in Table 15. We show
the full results in Table 20 of the Appendix. The performance varies widely, with F1-scores
ranging from 1.54 to 62.94, depending on the configuration. Overall, by choosing the best
configuration, we obtain F1-scores of 62.94, 32.63 and 51.40 for the Novels vs Comics, Novels
vs. TV Show and Comics vs. TV Show pairs, respectively. Structural matching leads to better
performance than textual matching, for all three pairs of media: +7.7, +10.1 and +15.4 points,
respectively. This is further confirmed in results for the Novels vs. TV Show pair over the U2

period. As shown in Table 22 of the Appendix, structural matching obtains an F1-score of
45.00, while textual matching gets 36.65.

Table 15.: Performance obtained when using structure-based representations and the text-constrained
narrative units to tackle the narrative matching task, expressed in terms of F1-score. Only
the best results over all possible configurations are shown.

Alignment Novels vs. Comics Novels vs. TV Show Comics vs. TV Show

named common top-20 named common top-20 named common top-20

Thresholding 29.61 34.74 13.31 20.72 23.43 7.34 43.36 46.95 33.33

Smith–Waterman 58.74 62.94 46.81 28.72 32.63 9.87 49.72 51.40 46.86

Based on these results, it appears that the Smith–Waterman algorithm largely outperforms
thresholding for all configurations. Additionally, the common character set obtains the best
results, while top-20 severely underperforms and is almost always the worst option. It may be
because more minor characters are specific to certain narrative arcs, while main characters are
often together as groups, blending several narrative units together which renders matching
more difficult. We cannot draw any conclusion regarding our Jaccard weighting scheme
or whether computing Jaccard similarity on edges or vertices is better, as the behavior of
these parameters is inconsistent across configurations (see Table 20 of the Appendix for more
details).

Commensurate Narrative Units

The chapter constitutes the natural narrative unit of the original material (the novels), and
the sole we have for this medium. Both other text-constrained narrative units, comic issues
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and TV show episodes, have a larger scale. Put differently, the piece of plot they convey
is longer than a chapter: both issues and episodes adapt several novel chapters (or, in the
case of episodes, sometimes parts of chapters). We hypothesize this hinders the matching
performance.

A solution is to adopt smaller narrative units that are closer to chapters. Scenes are available
for both media, however, this unit is much smaller compared to novel chapters, which would
cause the same scale difference problem as before. Instead, we turn to intermediary units:
comic chapters, which are comparable to novel chapters, and TV show blocks, which are
sequences of contiguous scenes happening in the same geographical location. We define
the latter in an attempt to split the plot according to changes in character point-of-views, the
literary device used in A Song of Ice and Fire novels to unveil the story.

Although we now compare the comics and TV show using chapters and blocks, we must
come back to issues and episodes to conduct our assessment, in order to allow a fair compar-
ison with the performance previously presented for the other matching methods. We do so
by considering that a novel chapter matching a comic chapter or a block matches the whole
issue or episode. Following the same principle, when matching Comics vs. TV Show, we match
chapters and blocks, but consider issues and episodes to compute the performance.

Table 16.: Performance obtained when using structure-based representations and the commensurate nar-
rative units to tackle the narrative matching task, expressed in terms of F1-score. Only the
best results over all possible configurations are shown.

Alignment Novels vs. Comics Novels vs. TV Show Comics vs. TV Show

named common top-20 named common top-20 named common top-20

Thresholding 25.66 33.23 14.04 21.02 18.72 7.74 36.25 36.71 29.51

Smith–Waterman 71.81 72.30 63.33 34.46 35.09 30.69 60.42 61.78 61.46

Table 16 shows the best alignment results using the commensurate narrative units. This
scheme strongly increases matching performance when using the Smith–Waterman align-
ment algorithm, with gains of 9.4, 2.5 and 10.4 points for the Novels vs. Comics, Novels vs. TV
Show and Comics vs. TV Show pairs, respectively. This performance gain is further confirmed
over the U2 time period for the Novels vs. TV Show pair, with a large gain of 17.9 F1 (see
Section A.2.3 in the Appendix. Interestingly, even though we extract TV show blocks automat-
ically, which may induce errors, using these for matching still leads to better performance
than with full episodes. Our results show that ensuring the scale of the narrative units used
for alignment are comparable is important for performance.

6.2.5 Hybrid Method

In this section, we strive to combine our textual and structural methods, in order to assess
their complementarity. For each pair of media, we adopt a direct approach that consists of
computing a new hybrid similarity matrix Sh, based on the structural and similarity matrices,
respectively noted Ss and St. We first rescale Ss and St separately using min-max normaliza-
tion:

S′
⋆ =

S⋆ − min(S⋆)

max(S⋆)− min(S⋆)
, (25)
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where S⋆ denotes Ss or St. We then combine the resulting matrices using a weighted sum:

Sh = αS′
s + (1 − α)S′

t, (26)

where α is a parameter controlling the relative importance of text vs. structure. As for our
other parameters, we tune α for each media pair using the other two pairs as a development
set.

While this combination method is pretty simple, we want to point out that we performed
some additional exploratory experiments to combine textual and structural similarity, but
that our attempts failed to improve over the results we present in this chapter. We experi-
mented with training several machine-learning models to compute Sh from Ss and St instead
of simply summing them. We also tried to perform early fusion by extracting embeddings
from our dynamic character networks and combining them with SentenceBERT or TF-IDF
vectors, and then experimented with multiple machine learning models to obtain Sc from the
resulting representation.

As in the previous section on structural matching, we first experiment with matching us-
ing the text-constrained narrative units, and then using the commensurate narrative units
(Section 6.2.5).

Text-Constrained Narrative Units

Table 17 shows the results obtained when applying our hybrid method on the text-constrained
narrative units already used in Sections 6.2.3 and 6.2.4. As we experiment with all possible
configurations of structural and textual matching, we only report the best performance for
the sake of simplicity.

Table 17.: Performance obtained when using hybrid representations and the text-constrained narrative
units to tackle the narrative matching task, expressed in terms of F1-score. Only the best
results across configurations are shown.

Alignment Novels vs. Comics Novels vs. TV Show Comics vs. TV Show

Thresholding 39.60 26.90 46.75

Smith–Waterman 67.37 30.95 49.16

We find that combining information from textual and structural matching increases perfor-
mance for the Novels vs. Comics pair (+4.4 F1), but fails to improve performance for the Novels
vs. TV Show (−1.7 F1) and Comics vs. TV Show (−2.2 F1) pairs.

Commensurate Narrative Units

As highlighted in Section 6.2.4, performing structural matching on narrative units of compa-
rable sizes can strongly increase performance. Therefore, we now want to conduct hybrid
matching by combining text with the commensurate units from Section 6.2.4. Our combi-
nation method requires summing the textual and structural similarity matrices S′

s and S′
t,

and therefore, we need the matrices to be of the same dimension. It is not the case though:
as already explained, the text-constrained units have a larger scale, and the corresponding
similarity matrices are consequently smaller. Moreover, it is not possible to build textual
representations on a smaller scale: for the TV show, episodes summaries can not easily be
cut to correspond to the underlying blocks, and comics issues summaries cannot easily be
split to apply to underlying chapters. Therefore, we propose to artificially extend the textual
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similarity matrix in order to match the dimension of its structural counterpart. We do so by
duplicating the rows and columns corresponding to a text-constrained narrative unit (e.g. TV
episode) as many times as the number of commensurate units it contains (e.g. blocks).

Table 18.: Performance obtained when using hybrid representations and the commensurate narrative
units to tackle the narrative matching task, expressed in terms of F1-score. Only the best
results across configurations are shown.

Alignment Novels vs. Comics Novels vs. TV Show Comics vs. TV Show

Thresholding 47.62 23.58 46.24

Smith–Waterman 78.50 39.04 63.87

Table 18 shows the best results of hybrid matching on commensurate narrative units. As
with purely structural matching, working with these narrative units greatly increases per-
formance. Compared with hybrid matching on text-constrained units, we observe gains of
+11.1, +8.1 and +11.3 F1 points on the Novels vs. Comics, Novels vs. TV Show and Comics vs.
TV Show pairs respectively. Compared with purely structural matching using commensurate
units, we also observe improvements across the board: +5.2 F1 point for the Novels vs. Comics
pair, +4 points for the Novels vs. TV Show pair and +2.1 points for the Comics vs. TV Show
pair. Overall, matching using hybrid similarity on the commensurate narrative units leads to
the best performance.

6.2.6 Takeaways

The way we formalize the narrative matching task makes it difficult: we perform many-to-
many matching and use F1 as a metric, meaning any mismatch is strictly penalized. Even so,
our best results (78.50 and 63.87 F1 for the Novels vs. Comics and Comics vs. TV Show pairs, see
Figure 29) show that our proposed alignment method can obtain good performance. Through
our experiments, we are able to derive several important insights valuable to the application
of the method. First, we note that structure-based matching using dynamic instant character
networks outperforms text-based matching, highlighting the usefulness of networks for the
task. To our knowledge, this is the first time that character networks are used for narrative
alignment. We also show that combining text-based and structure-based similarities can yield
better performance than using either alone. Furthermore, we demonstrate the importance of
aligning stories using a comparable narrative scale, as taking commensurate narrative units
into account consistently improves our results. Table 19 summarizes our best results.

Table 19.: Best configurations for the task of narrative matching using the text-constrained and commen-
surate narrative units.

Narr. Unit Adaptations Pair Similarity Repr. Measure Character Set Text Sim. Alignment F1

Text-Constr. Novels vs. Comics Hybrid Vertices Ružička common tfidf Smith–Waterman 67.37

Novels vs. TV Show Structural Edges Jaccard common – Smith–Waterman 32.63

Comics vs. TV Show Structural Vertices Ružička common – Smith–Waterman 51.40

Commens. Novels vs. Comics Hybrid Edges Ružička named tfidf Smith–Waterman 78.50

Novels vs. TV Show Hybrid Vertices Ružička common tfidf Smith–Waterman 39.04

Comics vs. TV Show Hybrid Edges Jaccard top20 sbert Smith–Waterman 63.87

The results on the Novels vs. TV Show pair over the U5 period are, however, more lackluster
(39.04 F1 at best). We attribute this lower performance to the plot divergence between the
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Figure 29.: Best performing alignment for all pairs of media, from top to bottom: a) Novels vs. TV
Show, b) Novels vs. Comics, and c)Novels vs. Comics. Green denotes true positives, red false
positives, yellow false negatives and purple true negatives.
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Figure 30.: Performance of the best configurations of narrative alignment over seasons for the Novels
vs. TV Show pair, expressed in F1-score. As the TV show progressively diverges from the
novels, the matching performance starts to decrease. F1-score for the last two seasons does
not exceed 20.

original novels and their TV show adaptation, which increased over time. As a confirmation,
results restricted to period U2 are much better, with a top F1-score of 64.65 (see Figure 31 and
Table 22 in the Appendix). As shown in Figure 30, the matching performance progressively
decreases as the TV show progresses for the structural, textual and hybrid similarities alike.
Plot divergence is difficult to tackle for the Smith–Waterman algorithm, originally developed
to align molecular sub-sequences: it assumes that parts of the sequences it tries to align are
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ordered similarly, but this assumption is challenged on the Novels vs. TV Show pair. As
seen in Figure 29, the blocks constituting the later seasons are ordered completely differently
from their chapter counterparts, and some chapters are not even adapted, leading to low
performance.

6.3 conclusion

In this chapter, we proposed contributions to character networks applications on two case
studies.

In our first case study on Lorenzaccio, we used three different networks to gain insights into
the play: a co-occurrence network, a mention one and a conversational one. We used the
co-occurrence network to detect subplots through community detection, and to comment the
distribution of these subplots through time. We also used our mention and conversational net-
works to try to automatically detect conspiracies. While the algorithm we propose can detect
conspiracies, it produces false positives, and filtering through them proved to be difficult.

In our second case study on A Song of Ice and Fire, we tackled the task of narrative align-
ment on three different media: the original novels, the HBO TV show and the comics. We
reproduced the Smith-Waterman based matching algorithm of Pial et al. [155] and Pial and
Skiena [156], and compared text-based or network-based alignment methods. We showed
that network-based methods outperformed text-based one, but also that they could be com-
bined to obtain better results. We also showed that performing alignment on commensurate
units proved to increase performance, even when these commensurate units are extracted
approximately.

In both cases, we made use of dynamic character networks: at the scene and act level for
Lorenzaccio, and at the chapter, episode and issue level for A Song of Ice and Fire. Our two
case studies demonstrate the usefulness of dynamic networks, that see a lack of usage in the
literature.
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7
C O N C L U S I O N
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7.2 Perspectives 92

This chapter is organized as follows: we list our contributions in Section 7.1, and then turn
to possible perspectives in Section 7.2.

7.1 contributions

In this thesis, we generally contributed to the field of NLP, and to character network extraction
and analysis. We first proposed a step towards understanding the performance of character
network extraction pipelines. We did so by developing two resources: a literary NER dataset,
Novelties, and a character network extraction pipeline, Renard [20]. Our dataset is important
in the current landscape of scarce existing literary resources. It also has the advantage of com-
porting several literary styles, when existing datasets are often comprised of classical novels
in the public domain. As for our pipeline, we designed it based on existing practice in the
character networks community [110], and made it modular to assess the impact of NLP tasks
performance on the extracted networks. Using our Novelties dataset, we surveyed its perfor-
mance and compared it with end-to-end extractors based on LLMs in a zero-shot setting. To
do so, we proposed network quality measures: Vertex F1, Edge F1 and Weighted Edge F1.
We observed decent performance of Renard on vertex extraction (70.16 Vertex F1), but lower
performance on edge measures (43.66 Edge F1 and 32.41 Weighted Edge F1), which speaks
for the difficulty of the task. We found Edge Recall in particular to be very challenging (36.10
Edge F1 and 26.53 Weighted Edge F1). In general, Renard outperformed LLMs extractors,
which struggled even more on Recall. To go further, motivated by the lack of literature on
the question of character network extraction performance, we also conducted an analysis to
understand the impact of NLP tasks performance on the quality of extracted networks. To
do so, we progressively degraded gold predictions for two NLP tasks, coreference resolution
and NER, while observing the impact in terms of extraction measures. We found that while
coreference resolution is important to network quality, some errors are more impactful than
others. In particular, predicting wrong coreference links is very detrimental for character ex-
traction performance, but missing a link mainly impacts edge measures. This suggests that a
coreference model with high link precision might be sufficient to correctly extract characters,
even if it has low recall. For NER, we found that its performance is crucial in general to
extract qualitative networks, in terms of Precision as well as Recall. These findings will allow
future research to focus their efforts on the most important aspects of extraction pipelines.

Our error analysis led us to propose enhancements for the NER task in the literary setting.
We tackled two different problems: first, in Chapter 4, the case of cross-domain NER, a setup
where a model is trained on a dataset from a domain and evaluated on one from another
domain. This situation can arise when using a generalist literary NER model on an unseen lit-
erary genre. We identified that a potential problem in that setup is that some entity names of
the unseen genre are entirely novel for the model, leading to detection issues. This confirmed
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an earlier observation by Dekker et al. [59], who remarked that replacing these difficult to
detect names by more common ones would drastically improve detection, showing that the
name detection problem was caused by their form. To alleviate it, we proposed to use a data
augmentation technique, mention detection, to inject unseen names of the target domain in
the training dataset. We showed that this leads to improved NER Recall on the fantasy subset
of the Novelties dataset. It results, however, in a decrease of Precision: we show that the
cause of this decrease is the model being encouraged to predict ambiguous entities as PER

due to our augmentation scheme, which can be alleviated by increasing the context seen by
the model at inference. Second, we tackled the range limitations of transformers in Chapter 5,
that occurs because of the computational costs of their attention mechanism. To reduce these
costs, the commonly accepted practice is to process texts block by block in a rolling window
fashion, which can lead to loss of performance [17]. One existing solution is to increase the
size of transformers’ context window by reducing the complexity of attention [193], but very
long sequences can still be hard to process [192]. Therefore, we proposed to retrieve relevant
context in the current document to assist the NER model when performing prediction. Since
no retrieval dataset exist to train a model for that retrieval task, we suggested generating a
synthetic one using the Alpaca LLM [191]. Through experiments on Novelties, we showed
that using a neural retriever trained on this synthetic dataset at NER inference time generally
increases NER performance. This improvement depends on the tested novel: some novels
strongly benefit from retrieval, while others do not. We also compared the performance
when generating the dataset with LLMs of different sizes (Alpaca-7b vs. Alpaca-13b), but we
found that using more parameters did not improve performance. Qualitatively, we observed
no difference in the generated datasets between Alpaca-7b and Alpaca-13b. Finally, we high-
lighted the impact of the size of the context window (i.e. the window in which a retriever can
retrieve relevant context), which depends on the considered retriever. For our neural retriever,
we found that retrieving context in the whole novel was more beneficial.

After focusing on extraction performance, we highlighted the interest of character networks
by leveraging them on two different applications. First, we employed them to analyze Mus-
set’s Lorenzaccio, a 19th century Romantic French play. We performed community detection
to unveil the different subplots of the play, to quantify their relative importance, and to find
interactions between them. Motivated by the fact that some characters appear in multiple
subplots, we did so using the k-cliques percolation technique [150], which has the advantage
of extracting potentially overlapping communities. This led us to adapt the within-module
degree and participation degree measures, originally proposed by Guimerà and Amaral [85]
to analyze vertex roles in relation to modules, to the overlapping communities case. We also
proposed a method to automatically detect conspiracies using the dynamic mention and con-
versational networks we extracted. Then, we applied character networks for the first time to
narrative alignment, on a case study on three adaptations from George R. R. Martin’s A Song of
Ice and Fire: the original novels, the comics directly adapted from them and the popular HBO
TV Show Game of Thrones. To tackle that task, we adapted the technique proposed by Pial et
al. [155, 156] based on the Smith–Waterman alignment algorithm [184] to dynamic character
networks. We showed that using character networks outperforms text-based techniques, and
that combining both could bring performance improvements. Through our results, we also
demonstrated that using comparable narrative units for alignment is important for perfor-
mance. In both mentioned applications (literary analysis and narrative matching), we made
use of dynamic character networks, demonstrating their usefulness in practice despite their
low usage in the literature.
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7.2 perspectives

Our work in this thesis prompts for exploring some additional questions, and also suggests
some research directions that we want to present in this section.

First, we remarked in Chapter 3 that NER and coreference resolution both have an im-
portant impact on the performance of character network extraction. We largely focused on
improving NER performance in this thesis, but coreference resolution is still a challenging
task that is far from being solved. Further research into character network extraction should
focus on performance improvements for that task, but another issue is applying coreference
systems to long texts. Models based on the end-to-end paradigm introduced by Lee et al.
[113] are very resource-intensive on such texts, while incremental models [86, 196, 226] are
more efficient but lag behind on evaluation measures. In any case, systems struggle with
performance at scale [86, 87]. Developing systems towards being both performant and effi-
cient on long texts is therefore an important objective. Recently, two research directions have
caught our attention on that front. First, Guo et al. [86] propose an incremental model based
on a local and a global cache. Their system merge mentions by reading the text left-to-right,
and progressively merging them with an existing coreference chain from these caches, or cre-
ating a new chain. The local cache keeps recently active chains in memory, while the role
of the global cache is to recall frequently occurring chains that are recently unseen. While
their system is successful at improving performance at scale, their long document bench-
mark is limited to a single novel due to the lack of existing annotated data. Annotating a
novel-scale coreference dataset would be the first step to carry a study on the effectiveness of
their proposed dual cache, and perhaps to find another cache mechanism to further improve
performance. Second, Gupta et al. [87] propose a hierarchical merging mechanism for long-
range coreference, that we included to some extent in our coreference library Tibert. They
apply the word-level coreference system of Dobrovolskii [63] (itself an improvement of the
end-to-end system of Lee et al. [113]) using a rolling window, effectively extracting chains
block of text by block of text. Then, they merge local chains together by computing their
representation as the mean of their mentions’ embeddings, and using their model to decide
whether they should be merged. While their model is more efficient than the original word-
level coreference system [63], their long document benchmark is limited to two long texts,
and we again conclude that a larger dataset would be a first step into a better understanding
of their method performance characteristics. We also note that they directly adapt an exist-
ing model when performing hierarchical clustering: it is possible that a specialized merging
model would perform better.

As we’ve just seen for coreference resolution, there is a lack of datasets in the literary do-
main. This is a problem on two aspects: the performance of NLP tasks suffers directly from
that scarcity, and evaluating character network extraction is difficult given the lack of a stan-
dardized benchmark. In the case of NLP tasks, while a few datasets exist (such as Litbank [29,
30, 183], PDNC [205] or our proposed Novelties [10, 11]), most do not contain full novels. This
is particularly an issue for coreference resolution, where performance at scale is difficult to
obtain, as mentioned above. In the case of character network extraction, we relied on a con-
verted version of Litbank for our extraction performance experiments in Chapter 3, but that
method has its drawbacks. First, since Renard performs flat NER but Litbank is concerned
with nested NER, we had to automatically convert its annotations, leading to a loss of in-
formation and potential mistakes. Second, Litbank excerpts are shorts (approximately 2, 000
tokens each), and results obtained on such a dataset may not be representative of results on
entire novels. A problem caused by this shortness is the potentially low number of character
mentions, which makes it very easy to not detect them when an error occurs in the pipeline.
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In general, the lack of network extraction datasets is problematic, as it forbids comparing ex-
traction systems. Therefore, we prompt for the future creation of literary datasets, particularly
character network extraction dataset, preferably on entire novels.

We also observe that current network extraction pipelines are of the cascading type. This
means, as we discussed in Chapter 3, that errors may propagate along the pipeline, which
can lead to lower performance. A potential solution to this issue is to consider end-to-end
pipelines. We surveyed some LLMs in a zero-shot end-to-end setting in this thesis, and
while Renard performed better overall, they have shown promising performance. Further
research may be interested in fine-tuning such models to improve performance or in explor-
ing different prompting directions, for example, applying chain-of-thought [212] or tree-of-
thought [122, 233] prompting. End-to-end text-to-graph models may also be of interest, but
are not explored in the literature when it comes to extracting character networks. For exam-
ple, recently, Zaratiana et al. [238] propose GraphER, a model tackling IE as graph structure
learning.

Character networks are used in many applications: classification, summarization, recom-
mendation systems. . . However, there are many graph-related aspects that are under-exploited
for these tasks. This is the case of dynamic networks, which we leveraged in our case studies
in Chapter 6. Signed networks and additional vertex or edge attributes are also rarely uti-
lized. In general, there are many existing concepts and measures in the complex networks
literature [55, 178] that have yet to be used when it comes to character networks, as authors
generally focus on the most common ones. Finally, recent graph learning techniques are
also relatively unexplored: for example, as we remarked in Chapter 2, only traditional graph
learning techniques are employed in the literature on classifying networks extracted from
novels. Comparatively, more recent techniques such as GNNs are not as studied but could
bring performance improvement for different applications.

While we focused on text in this thesis, character networks can represent contents of dif-
ferent modalities. We made use of this multimodal representation property for narrative
matching in Chapter 6, where we were able to align narrative units from different media
using dynamic networks. We think this property is particularly interesting for some tasks:
for example, a recommendation system might work across different media because their rep-
resentation is unified. Existing multimodal systems such as multimodal LLMs necessitate
an alignment phase between modalities [57], which would not be necessary in the case of
character networks as they represent the same concepts across modalities.

Finally, and to expand further on that previous perspective, the fact that different types
of contents can be represented by character networks means that many networks can be
extracted and collected. In the light of the success of self-supervised models trained on
massive amount of data (such as BERT [60] or, more recently, LLMs), we suggest that this data
may support training such a model. Self-supervised learning on graphs already exists, using
tasks such as structural or feature reconstruction [96, 116], and graph foundational models
have recently been developed for certain domains [132]. A foundational model trained on
a large scale character networks dataset may have a lot of applications for tasks that can
take advantage of relationships structure between sets of entities. A potential question is the
influence of the quality of the networks on such an endeavor, a question we leave to future
research.
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A
A P P E N D I X

a.1 chapter 3

a.1.1 Novelties v0.1.0: OWTO Correction Process

Dataset Issues

We find the following issues in the original OWTO dataset [59] 1:

annotation errors : We find false negatives where a known character is not annotated
as an entity mention (e.g. “d’Artagnan” is sometimes annotated as O), and false positives
where some tokens are incorrectly labeled as an entity mention (e.g. “Quai de Ferraille” is
annotated O B-PER O in The Three Musketeers).

annotation inconsistencies : We find inconsistencies across the dataset novels. One
prominent example is titles: depending on the novel, they are considered as part of the entity
mention they are attached to or not (e.g. “Mr. Frodo” is annotated as either O B-PER or
B-PER I-PER).

encoding issues Some characters, such as accented ones, are incorrectly represented
(e.g. d’Artagnan is sometimes represented as dâ=C™Artagnan).

tokenization issues There are a few tokenization issues. In the fantasy novel The Wheel
of Time, characters with apostrophed names are tokenized in an unique way, where an apos-
trophe is considered a full token (e.g. “Rand al’Thor” would be tokenized as [Rand, al, ’,

Thor]). This rule is inconsistent with the rest of the dataset, and contrasts with the popular
CoNLL-2003 dataset [195].

quoting issues Quoting is handled inconsistently:

• Most books use double quotes to represent character dialogues and simple quotes for
other purposes (irony, written text. . . ), but some use the reverse convention.

• Quote pairs are usually started by backquotes (`` or `) and end with simple quotes (''
or '). This has the advantage that recursive quoting (i.e. quotes inside of quotes) can
be correctly identified. However, the convention is sometimes incorrectly applied: some
quotes start with simple quotes, and some end with backquotes.

• Some starting quotes are not matched with an ending quote. This can happen when the
original book’s presentation prevents any ambiguity in knowing the end of the quote
(for example, when the quote ends a paragraph). However, the ambiguity is present in
the NER dataset since the book presentation is not preserved by the CoNLL format.

1 We use the BIO tagging scheme for our examples, while the original dataset use the IO scheme.
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Correction Methods

To fix annotation errors and inconsistencies in the annotation of PER mentions, and annotate
LOC and ORG mentions, we adopt the following guidelines2:

• Titles preceding names are made part of entity mentions (Mr Bennet and Lord Eddard

is annotated as B-PER I-PER)

• Names referring to families (Proudfoots or Bolgers in The Fellowship of the Ring) are
annotated as persons.

• Ethnonyms and demonyms (such as Chyurda in Assassin’s Apprentice) are annotated as
O.

• Nicknames made evident by typography (for examples with capitalisation or dashes,
such as You-Know-Who in Harry Potter) are annotated as entity mentions.

• Discontinuous mentions are annotated discontinuously (e.g. Mr and Mrs Bennet is an-
notated B-PER O B-PER I-PER).

• Capitalized common names (such as the Director in Brave New World, the Mouse in
Alice in Wonderland or the Messenger in The Painted Man) are annotated according to the
context. If the name is referring to a function, we annotate it as O. Otherwise, we treat it
as a person.

• Nicknames following characters names are annotated as part of the entity mention
(Gandalf the Grey are annotated B-PER I-PER I-PER). A notable exception is when the
character is designated by including an organization or a location: in those cases, organi-
zations and locations are annotated separately (Lord Stark of Winterfell is annotated
B-PER I-PER O B-LOC, and Lord Eddard of House Stark is annotated B-PER I-PER O

B-ORG I-ORG).

• Geopolical entity mentions that are also locations are annotated as ORG depending
on context (France declared war over Germany is annotated B-ORG O O O B-ORG since
only geopolitical entities can take action).

To correct existing PER annotations, we follow a semi-automatic error correction process,
consisting of several steps applied in order:

false negatives rule We noticed a lot of false negatives in the existing annotation
(e.g. Sherlock Holmes would be annotated O O). To fix those issues, we retrieve a list of
characters names for all books. For each of those names, we also generate a list of alter-
native names using simple rules (e.g. {“Mr Sherlock Holmes”} => {“Mr Sherlock Holmes”,

“Mr Sherlock”, “Mr Holmes”, “Holmes”, “Sherlock”}). Starting with longer names, when
a mention of one of those names is not annotated as a person, we fix the annotation. Due
to its high observed precision, we perform this step automatically, with no action from the
annotator.

false positives rules We ask the annotator to correct the following cases if needed:

• When a series of tokens is annotated as a person, but is not found in the list of characters
previously established.

• When a series of tokens is annotated as a person, but all of those tokens are lowercase.
2 These guidelines are significantly extended in the next version of Novelties, Novelties v1.0.0 [10].
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bert assisted correction To catch the remaining errors, we finetune BERT [60] on
a modified version of the CoNLL-2003 dataset 3. We then ask the annotator to correct the
annotation of spans of text if the prediction from BERT is different from the annotation.

manual correction In last resort, we manually fix the remaining errors we could find.

quoting issues To fix quoting issues, we apply the following guidelines :

• Character utterances should be enclosed in double quotes, starting with `` and ending
with ''.

• Other use of quoting (such as, but not limited to: irony, written text, nicknames...)
should be enclosed in single quotes, starting with ` and ending with '.

• A closing quote should be added when an utterance is not closed.

We once again adopt a semi-automatic method :

1. We execute a program that prompts the user for each single quote (since in some books,
single quotes are used in place of double quotes). For each single quote, the user is able
to choose if that quote should be replaced or not by an appropriate double quote, and
if this choice for the current pattern (composed of the previous and the current token)
should be automatically applied when seeing the pattern in the future.

2. We inspect quotes with less than 5 characters, or with more than 100 characters. Short
quotes are often not part of dialogues, and we observe that a lot of them are enclosed in
double rather than simple quotes. We inspect long quotes since there is a high chance
these spuriously appear when an ending quote is missing.

3. We inspect quotes that have an uneven number of quotation marks, since these are
malformatted.

4. We perform final corrections manually.

remaining issues We fix the remaining tokenization and encoding issues manually. We
also convert the dataset from the IO NER tagging scheme to the BIO scheme.

a.1.2 Large Language Models Network Extraction Prompts

Below, we present the prompt we use in Section 3.4.4 to extract character networks using 3
different LLMs: Llama3 [197], GPT3.5T [46] and GPT4o. We respectively present our prompts
for the LLM-Coref and LLM-E2E extraction techniques.

3 Modifications consists of the inclusions of titles such as Mr or Lord as part of entity mentions, to remain consistent
with our annotation guidelines
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SYSTEM PROMPT You are an expert in literature and natural language processing.
USER PROMPT Given a text, you must extract characters and their mentions. Your answer
must be the original text, where character mentions are tagged with the following format:
[CHARACTER_ID]CHARACTER MENTION[/CHARACTER_ID]. You must tag character
mentions only.

Here are some examples of this task:
Example 1:
Input: Elric was riding his horse . Alongside Moonglum , the prince of ruins was looking
for his dark sword .
Output: [0] Elric [/0] was riding [0] his [/0] horse . Alongside [1] Moonglum [/1] , the [0]
prince of ruins [/0] was looking for [0] his [/0] dark sword .

Example 2:
Input: Princess Liana felt sad , because Zarth Arn was gone . The princess decided she
should sleep .
Output: [0] Princess Liana [/0] felt sad , because [1] Zarth Arn [/1] was gone . [0] The
princess [/0] decided [0] she [/0] should sleep .
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SYSTEM PROMPT You are an expert in literature and natural language processing.
USER PROMPT Given a text, you must extract a co-occurrence character network where
vertices represent characters and edges represent their relationships. Each edge must have a
weight corresponding to the number of interactions between two characters. Two characters
without any interactions do not share an edge. An interaction between two characters occurs
when two of their mentions occur within a distance of 32 tokens.
Your answer must be in a simplified Graphml-like format. Vertices must have an ’alias’ at-
tribute with the list of aliases of a character, separated by semicolons.

Here are some examples of this task:
Example 1:
Input: Elric was riding his horse . Alongside Moonglum , the prince of ruins was looking
for his dark sword .
Output:

<graph>

<node id="n0"

aliases="Elric;prince of ruins">

</node>

<node id="n1" aliases="Moonglum">

</node>

<edge id="e0" source="n0"

target="n1"

weight="2">

</edge>

</graph>

Example 2:
Input: Princess Liana felt sad , because Zarth Arn was gone . Liana decided she should
sleep .
Output:

<graph>

<node id="n0"

aliases="Princess Liana;Liana">

</node>

<node id="n1" aliases="Zarth Arn">

</node>

<edge id="e0" source="n0" target="n1"

weight="2">

</node>

</graph>

a.2 chapter 6

a.2.1 Structural Matching

Table 20 shows the results of structural alignment for all surveyed configurations. By compar-
ison, Table 15 in Section 6.2 only focuses on the best results.

We can conclude that the Smith–Waterman algorithm performs better than thresholding.
In addition, the best results are obtained with the common character set, whereas top-20 per-
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Table 20.: Narrative matching performance, expressed in F1-score, for all configurations of structure-
based matching. The first column indicates the type of narrative unit used: text-constrained
(Text-Constr.) or commensurate (Commens.). The Repr. column indicates whether the sim-
ilarity is computed over vertex or edge sets. The Measure column indicates whether the
similarity measure ignores weights (Jaccard) or take them into account (Ružička)

Narrative Repr. Measure Alignment Novels vs. Comics Novels vs. TV Show Comics vs. TV Show

Units named common top-20 named common top-20 named common top-20

Text-Constr. Edges Jaccard Thresholding 25.86 28.46 11.66 12.86 13.18 6.59 39.85 44.08 31.28

Smith–Waterman 54.55 53.85 38.49 28.38 32.63 1.54 47.78 46.93 45.71

Ružička Thresholding 29.61 34.74 13.31 20.72 23.43 7.34 43.36 46.95 33.33

Smith–Waterman 55.63 57.54 43.84 25.43 24.12 1.75 39.55 49.72 46.86

Vertices Jaccard Thresholding 13.73 17.61 8.53 11.67 13.72 6.15 28.30 24.31 19.85

Smith–Waterman 53.71 56.54 26.71 28.72 23.61 8.04 39.77 49.16 39.33

Ružička Thresholding 15.75 26.57 6.98 13.38 18.73 6.81 35.20 34.74 19.19

Smith–Waterman 58.74 62.94 46.81 25.91 23.61 9.87 49.72 51.40 38.42

Commens. Edges Jaccard Thresholding 24.67 27.95 11.33 17.97 16.91 6.71 37.72 37.86 34.18

Smith–Waterman 71.52 71.14 49.35 33.17 31.58 22.54 47.62 47.87 46.99

Ružička Thresholding 25.66 33.23 14.04 21.02 18.72 7.74 44.34 44.79 38.18

Smith–Waterman 71.38 71.57 59.93 31.33 34.38 24.33 47.62 49.46 46.99

Vertices Jaccard Thresholding 16.79 19.84 8.24 15.67 12.54 6.42 8.39 5.97 7.50

Smith–Waterman 71.81 70.23 60.93 31.78 32.16 30.69 52.91 52.91 44.32

Ružička Thresholding 14.80 23.82 7.77 15.62 17.63 6.55 35.35 26.92 7.14

Smith–Waterman 70.95 72.30 63.33 34.46 35.09 25.91 51.06 51.06 40.88

forms the worst. However, it is difficult to reach a conclusion for the other two parameters:
compared objects (edges vs. vertices), and weight usage (Jaccard vs. Ružička).

a.2.2 Hybrid Matching

Table 21 shows all the results of narrative matching using the hybrid-based similarity for the
text-constrained and commensurate narrative units respectively. When using the commensurate
units, hybrid similarity improves the results compared to structural similarity by between
8.1 and 11.3 F1 depending on the media pair. Overall, we obtain the best overall matching
performance using the commensurate units to perform hybrid matching.

a.2.3 Novels vs. TV Show over U2

In this section, we present the results of narrative matching for the Novels vs. TV Show media
pair over the U2 time period. By comparison, Section 6.2 focuses on U5. Since the TV show
diverges more and more from the novels across seasons, we expect that aligning adaptations
over the U2 period is easier than over the U5 period.

The best results over all configurations can be found in Table 22, while the best alignment
can be found in Figure 31. We restrict ourselves to the best results per similarity due to the
great number of possible configurations. As we expect, the performance is higher for the
U2 than the U5 period, due to the divergence of the later seasons. We also observe that, as
when aligning over U5, matching using commensurate units yields a positive performance
boost, with a large increase of 17.9 F1. Combining textual and structural matching increases
performance (+5.8 F1), but less than taking commensurate into account.
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Table 21.: Narrative matching performance, expressed in F1-score, for all configurations of hybrid-
based matching. The first column indicates the type of narrative unit used: text-constrained
(Text-Constr.) or commensurate (Commens.). The Text Sim. column indicates the textual
similarity measure in usage. The Struct Repr. column indicates whether the similarity is
computed over vertex or edge sets. The Struct Measure column indicates whether the simi-
larity measure ignores weights (Jaccard) or take them into account (Ružička)

Narrative Text Struct. Struct. Alignment Novels vs. Comics Novels vs. TV Show Comics vs. TV Show

Unit Sim. Repr. Measure named common top-20 named common top-20 named common top-20

Text-Constr. sbert Edges Jaccard Thresholding 27.00 18.60 6.90 17.33 15.69 7.04 40.13 42.70 24.90

Smith–Waterman 63.16 63.86 61.75 27.06 27.41 1.53 38.86 45.71 44.07

Ružička Thresholding 11.54 15.95 13.79 22.58 24.64 10.98 45.09 46.75 25.17

Smith–Waterman 57.75 60.35 58.95 25.16 26.21 17.80 39.55 40.68 38.42

Vertices Jaccard Thresholding 25.64 9.09 13.23 11.43 12.00 6.32 32.22 33.99 22.22

Smith–Waterman 65.25 62.90 61.97 22.11 28.01 12.50 35.29 35.29 32.94

Ružička Thresholding 29.32 29.51 13.78 15.79 20.07 6.32 36.67 46.15 22.73

Smith–Waterman 62.46 65.96 57.45 28.95 27.40 21.73 44.07 44.71 32.94

tfidf Edges Jaccard Thresholding 27.51 20.93 7.73 19.95 22.57 12.65 34.10 35.40 25.42

Smith–Waterman 57.24 57.54 58.95 30.24 29.31 9.89 47.78 42.46 42.94

Ružička Thresholding 21.18 33.67 14.96 23.73 26.90 14.02 33.72 39.14 24.97

Smith–Waterman 60.28 60.28 58.95 29.10 27.09 17.02 46.93 42.46 42.94

Vertices Jaccard Thresholding 24.31 19.51 14.69 15.06 13.00 12.80 31.00 29.90 24.73

Smith–Waterman 61.70 60.99 51.06 21.93 26.95 16.62 42.46 48.04 31.14

Ružička Thresholding 38.74 39.60 15.17 20.50 22.60 12.31 33.59 39.29 26.89

Smith–Waterman 65.26 67.37 47.52 30.61 30.95 16.44 49.16 49.16 31.14

Commens. sbert Edges Jaccard Thresholding 29.41 39.06 8.28 18.08 21.40 6.82 44.28 46.24 25.85

Smith–Waterman 70.71 71.19 70.51 33.50 34.26 30.20 53.68 58.64 63.87

Ružička Thresholding 43.27 45.98 13.26 23.58 22.58 9.87 39.41 43.81 27.05

Smith–Waterman 72.11 70.75 66.22 36.86 36.43 30.50 58.33 52.08 60.73

Vertices Jaccard Thresholding 7.84 11.25 13.14 17.30 14.96 6.13 37.35 33.72 25.23

Smith–Waterman 69.39 75.93 68.90 32.36 35.86 31.78 59.38 60.42 61.46

Ružička Thresholding 21.05 47.62 12.58 16.49 19.17 6.25 32.36 33.99 25.79

Smith–Waterman 72.60 74.75 70.43 34.04 33.63 35.56 59.07 54.74 61.46

tfidf Edges Jaccard Thresholding 22.10 31.96 13.26 19.17 15.62 11.71 31.96 31.58 24.56

Smith–Waterman 72.97 74.07 75.84 32.58 35.79 33.29 59.69 58.33 52.08

Ružička Thresholding 27.32 45.91 12.57 22.39 21.37 12.46 32.34 33.28 24.30

Smith–Waterman 78.50 74.50 74.92 35.00 38.30 33.62 58.03 58.03 56.54

Vertices Jaccard Thresholding 17.05 20.77 12.22 20.69 15.25 12.75 32.38 28.07 22.99

Smith–Waterman 71.86 74.92 70.00 34.30 36.27 29.97 55.96 59.69 46.07

Ružička Thresholding 35.24 46.84 13.33 16.91 21.08 11.92 29.58 31.18 23.37

Smith–Waterman 75.00 74.75 72.48 36.18 39.04 31.27 55.96 58.33 46.07
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Figure 31.: Best performing alignment for the Novels vs. TV Show pair over time period U2.
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Table 22.: Performance obtained on the U2 time period of the Novels vs. TV Show pair, expressed in
terms of F1-score. Only the best results across configurations are shown.

Alignment Textual Matching Structural Matching Hybrid Matching

Text-Constrained Commensurate Text-Constrained Commensurate

Thresholding 29.01 37.24 32.56 37.95 41.18

Smith–Waterman 36.65 45.00 62.87 50.78 64.65

a.2.4 Cumulative Networks

Table 23 presents results of structural narrative matching using cumulative networks on the
text-constrained narrative units. By comparison, Section 6.2 focuses on instant networks.

Table 23.: Performance obtained when using structural-based representations using cumulative networks
and the text-constrained narrative units to tackle the narrative matching task, expressed in
terms of F1-score. Columns are organized as in previous tables.

Representation Measure Alignment Novels vs. Comics Novels vs. TV Show Comics vs. TV Show

named common top-20 named common top-20 named common top-20

Edges Jaccard Thresholding 4.05 3.94 3.61 6.36 5.12 4.89 19.98 20.20 19.95

Smith–Waterman 16.85 41.40 10.79 2.00 22.34 0.00 19.88 29.71 21.05

Ružička Thresholding 3.80 3.98 3.62 5.66 5.17 4.90 20.21 20.41 20.22

Smith–Waterman 22.14 47.18 11.72 7.75 13.11 1.27 18.29 26.59 21.05

Vertices Jaccard Thresholding 4.10 3.90 3.53 4.82 5.18 4.89 22.24 20.78 19.79

Smith–Waterman 12.69 40.43 1.01 1.19 25.63 0.42 20.25 33.33 7.74

Ružička Thresholding 3.76 3.88 3.53 7.72 5.19 4.89 20.81 20.23 19.95

Smith–Waterman 17.02 32.62 1.01 2.07 24.97 0.42 22.50 35.63 7.74

Since the cumulative network of a narrative unit is the aggregation of previous instant
networks, differences between narrative units are less and less noticeable, leading to poor
matching performance. The Smith–Waterman algorithm is still able to achieve mild perfor-
mance in some cases (47.18 F1 on the Novels vs. Comics pair), but overall matching with instant
networks clearly yields more performance.
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