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Abstract. In this chapter, we explore the integration of knowledge graphs into large
language models (LLMs) to enhance computational literary studies, a key sub-
field of computational humanities. Computational humanities have evolved signif-
icantly over the past decades, driven by the increasing digitization of cultural her-
itage data, advancements in computing power, and the development of advanced
analytical methods. This digitization progress has particularly enabled the creation
of knowledge graphs that capture the semantic relationships embedded in human-
ities data, including texts. These graphs represent structured knowledge that can
enrich LLMs, enabling them to generate semantically rich representations even in
domains with limited computational resources.

We explore how integrating knowledge graphs can enhance natural language pro-
cessing (NLP) applications, specifically for the analysis of literary texts. To benefit
the humanities and support the integration of KGs with LLMs for computational
humanities, we discuss the specific content new KGs should ideally encompass.
This necessitates a broader conceptualization of knowledge graphs, and supplies
novel challenges for the field of knowledge graph creation, including for example
diachronic concept alignment. Alongside this new perspective, we also propose the
automatic creation of knowledge graphs from literary texts, such as graph-based
plot representation, to allow for graph-based text analyses but also, again, create
literary-informed LLMs through the integration of such graphs.

By demonstrating these techniques through the lens of computational literary
studies, we illustrate the significant impact that knowledge graphs can have on en-
riching LLMs and advancing the humanities.
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1. Introduction

Since the availability of computers there has been research focusing on cultural heritage
data: novels and other texts, paintings and other images, music and other audio data, fea-
ture films and other movies, excavation sites and other 3-dimensional objects. Though
the digital humanities exist now for more than 60 years, only in the last 10–15 years
enough material was digitized, enough computing power was available to process it, and
methods sophisticated enough to analyze it had been developed. This confluence was
the basis for a new sub-field: computational humanities (CH) [1]. CH are challenging
because the humanities encompass numerous different disciplines that specialize in very
different times and cultures. In each of these disciplines, cultural artifacts cannot be ad-
equately studied without the relevant linguistic and cultural knowledge. A considerable
amount of this knowledge has long been processed in dictionaries, lexicons, encyclope-
dias and other reference works. The comparatively small amount of surviving material
further exacerbates the problem. In this situation, the possibility of significantly improv-
ing very modern research tools such as language models by means of knowledge graphs,
into which dictionaries etc. have been transferred, represents an important opportunity
to create semantically rich representations even for areas in which the prerequisites for
modern computational access are not actually given.

In this chapter, we will use the example of computational literary studies, a sub-field
of computational humanities, to show how these techniques are applied. In the first sec-
tion we will clarify the notion of knowledge graphs and discuss what the term knowl-
edge graphs means in the context of humanities data and the historical encyclopedia we
study and use. In the second section, we will examine different ways of modeling texts as
graphs, such as character networks, feature-based text similarity graphs, and plot struc-
tures. We argue that this kind of text modeling provides a novel perspective on literary
text analysis, while also bearing the potential for language model integration. In the third
section, we will review how knowledge graphs may be used in tandem with large lan-
guage models. On the one hand, knowledge graphs can function as a resource to aid in
language modeling. On the other hand, language models can also be employed for knowl-
edge graph completion. Both techniques combined may for example aid in knowledge
transfer from parameter-heavy LLMs to other models.

2. Knowledge Graphs in the Humanities

2.1. Definition

Definitions of what the term “knowledge graph” (KG) entails vary, not only across but
within areas of research as well. Generally speaking, knowledge graphs are directed
graphs with labeled nodes and edges. These are usually encoded as sets of triples, where
head, relation, and tail of each triple correspond to human knowledge (often also referred
to subject, predicate, and object). The nodes of the graph are also often referred to as
entities, however the interpretation of what the term "entity" entails can be different. As
per Hogan et al. [2], "nodes represent entities of interest and [...] edges represent rela-
tions between these entities." The authors also add that a knowledge graph is "intended
to accumulate and convey knowledge of the real world," meaning entities in a knowledge
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graphs are supposed to represent real world objects, and typically not concepts. As the
term “knowledge graph” was first popularized by Google with the integration of multiple
knowledge bases into their search engine ("things, not strings" [3]), it is predominantly
understood that the knowledge contained in KGs corresponds to this kind of factual, real
world knowledge (traditional definition, see e.g. [2,4,5,6]). However, another modern-
ized definition of knowledge graphs has emerged over time, which strives to push the
boundaries of KGs to also encompass any kind of human knowledge [7,8,9]. Knowl-
edge graphs are accompanied by ontologies, which contain such formal constraints of
the graph, for example which relations are allowed between which classes of entities.
Crucial to any knowledge graph is also the disambiguation of subjects in the graph via
unique identifiers, so that multiple subjects bearing the same name can be distinguished
from each other. For machine readability, triples are typically represented in RDF format
[10].

The definition provided by Hogan et al. [2] indicates that existing KGs and the meth-
ods associated with them in the computer science domain are still predominantly cen-
tered on real world objects. In the humanities, this practice is useful for museums, li-
braries, etc., where the main purpose of linked open data is to link cultural objects, how-
ever a broader approach is necessary to cover other aspects of the humanities as well. In
this section, we explain why this modern approach to knowledge graphs is essential for
creating new knowledge graphs tailored to the humanities. Across this chapter, we will
highlight two specific approaches to knowledge graph creation which are based on our
wider definition of the term: constructing a semantic network from encyclopedias to link
concepts across time (Section 2.3), and generating graphs from text using a variety of
inherent text characteristics (Section 3).

Broadly speaking, knowledge may be separated into the following two categories:
factual knowledge (entity or world knowledge) and commonsense knowledge (e.g. agent-
based knowledge or basic word meanings). Additionally, there is a domain-specific di-
mension to factual knowledge: some facts are general knowledge, such as Berlin is the
capital of Germany, and other facts are native to a thematic domain, for example biomed-
ical knowledge about drugs and diseases. Usually, language models capture human un-
derstanding through processing vast amounts of text. However, not all that humans know
about the world is captured in this way, such as historical knowledge about people,
concepts, customs, etc., that became less important or replaced over time. Knowledge
graphs may be used to infuse additional knowledge into language models, as knowledge
is expressed differently than through text (see Section 4, Adaptation). The humanities
in particular have access to a multitude of semi-structured resources (lexical-semantic
resources or LSR), such as dictionaries, encyclopedias, glossaries, which already convey
knowledge in a similar fashion. These resources can further be refined into knowledge
graphs.

Most experiments and benchmarks in NLP research concentrate on contemporary
English. Here, research is often concerned with devising or refining methods, where in-
put and evaluation data often play a secondary role. Because of that, KGs that are already
available are often re-used across studies, because on the one hand it saves time and on
the other hand, comparing methodological research becomes easier. Almost always, re-
search concentrates on the KGs Wikidata (or subgraphs of it), ConceptNet, or WordNet
(see Table 2 by Wei et al. [11] for an overview of data used). With that however, NLP
sometimes overlooks historical varieties, other languages or textual specificities, all of
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which lie at the core of humanities research. But leveraging resources of cultural her-
itage, which are often available to humanities researchers, can be an important step to fill
these knowledge gaps for computationally processing and analyzing texts from resource-
poor domains. These gaps are most mainly 1) time-specific or historical knowledge 2)
language specific knowledge (endangered languages, dialects) and, for CLS in particu-
lar, 3) text domain knowledge. The humanities therefore care about all three knowledge
types mentioned above, specific examples including:

• historical representation of facts and common sense, as they may change over time
• comprehensive vocabulary and word meaning representation for low-resource lan-

guages
• domain specific text knowledge about, for example, fictional worlds

This is why LSR are of special importance: They provide a thorough and oftentimes
historical snapshot of knowledge about a language (dictionaries) or topics and facts (en-
cyclopedias), and they can potentially function as KGs in the computational humanities.
However, this means that humanities researchers need to create their own KGs from these
sources to adopt the methods devised in NLP.

Because of the traditional KG definition, KG creation often relies on standard meth-
ods centered around named entities (NE recognition, NE linking, see [12,13,14]). KG
creation for the humanities implies a slight shift towards concepts rather than entities,
which is just one challenge that the field poses. In the following, we will outline the two
main challenges of KG creation for the humanities [15]:

• diachronic data diversity (historicity and semantic change)
• synchronic data diversity (interdisciplinary knowledge).

2.2. Short Survey of Knowledge Graph Applications in the Humanities

2.2.1. From Structured Data to Knowledge Graphs

The topic of linked open data (LOD) in the humanities has actually been a long standing
tradition beyond the usage of knowledge graphs. Especially in libraries, museums and
archives, LOD catalogs have been a staple technology stack for the last decades, along
with controlled vocabularies (such as VIAF2) and metadata sets (e.g. Dublin Core [16]).
The overarching goal of LOD in the humanities is to promote accessibility and interop-
erability across diverse cultural domains and sources.3 In humanities scholarship, tradi-
tionally, much research in the area has therefore been concerned with creating controlled
vocabularies, classification schemes, or establishing cross-domain links [17,18].

Knowledge graphs and linked open data have now emerged as a new way to study
and analyse cultural artifacts on a larger scale beyond simply digitally publishing data
in LOD form [19]. Prominent application examples from the humanities are: character
networks [20], correspondence networks and geospatial analysis [21,22], linked docu-
ment collections through external or internal features [23,24,25], and metadata networks
in general [26,27].

These examples demonstrate that the origin of knowledge graphs in the humanities
can be very different: They may be built upon pre-structured knowledge as provided

2https://viaf.org/
3https://lod-cloud.net/

https://viaf.org/
https://lod-cloud.net/
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by libraries for example, or they may be built from the ground up from the basis of
unstructured text. When building a knowledge graph from text, it depends on the use case
of the resulting knowledge graph what kind of creation or knowledge extraction methods
can be applied. Named entities and artifact metadata are also a staple of the humanities,
where many pre-existing extraction methods and ontologies (most notably CIDOC CRM
[28]) can be reused. But the use cases extend beyond that, such as building semantic
networks like WordNet (which was manually created) or identifying specific inter-textual
dependencies. Building a graph from text, be it to connect concepts across multiple texts
(Section 2.3) or to better understand and analyze whole texts or their relationship with
each other (Section 3) is where the most challenges arise for the field of knowledge graph
creation in the humanities. We will discuss these challenges as well as opportunities in
Section 2.3 on the basis of EncycNet.4

2.2.2. Interplay with the Computational Humanities

Structured data can take on different functions in the workflow of the computational
humanities. On the one hand, as we already alluded to and which we will further discuss
in Section 4, we may use knowledge graphs to enhance our computational model. On the
other hand, we want to argue that structured data can also benefit the collection of other
data and also allow model evaluation. Concepts in the humanities are less clear cut – for
example the definition of a genre, the boundaries of a lexical field, or word meaning – in
comparison to the tasks and interests that NLP prioritizes. As such, the subject of study
may be harder to define in terms of representative data, which makes data collection
or the establishment of a ground truth difficult. The same applies to model evaluation,
where the (often manual and time consuming) creation of appropriate original datasets,
is an indispensable step in every workflow.

This is where previous work on controlled vocabularies, taxonomies, schemas, etc.,
by humanists can also be exceptionally useful to the computational humanities. Thus,
speaking from a broader point of view, we argue that all kinds of newly developed struc-
tured knowledge that pertain to the humanities can be profitable for symbolic represen-
tation in AI, and not just KGs. For instance, concerning the data collection, in a separate
project we turned to a manually curated, digital dictionary of keywords in order to ex-
tract the lexical field of privacy, to be able to analyze how the whole field has semanti-
cally changed over time [29]. Concerning the model evaluation, we also developed new
datasets for evaluating lexical semantics in LMs by harvesting word relations from other
LSR and linked data sources – the German dictionary Duden and German Wiktionary –
to aid in evaluating German pre-trained language models and word embeddings [30].

2.3. EncycNet: A Case Study for Knowledge Graph Creation

2.3.1. Challenges of EncycNet Knowledge Graph Creation

EncycNet aims to construct a historical German knowledge graph from nineteenth-
century encyclopedias by computational means. The project offers one of the first openly
accessible linked semantic data resources specifically for historical German. It is one of
multiple projects within humanities research that uses LSR to create linked data. Among

4https://encycnet.github.io/

https://encycnet.github.io/
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Table 1. Overview of the conversational encyclopedias in the EncycNet corpus.

Editor Year Description # Entries # Tokens

Brockhaus 1809–1811 Conversational encyclopedia 6 960 1 186 000
Herloßsohn 1834–1838 Damen Conversations Lexikon, specifically

aimed at women
7 099 1 461 000

Brockhaus 1837–1841 Illustrated conversational encyclopedia 7 049 2 604 000
Herder 1854–1857 Conversational encyclopedia 39 755 2 256 000
Meyer 1905–1909 Comprehensive conversational encyclopedia 156 264 17 437 000
Brockhaus 1911 Conversational encyclopedia, paperback

edition
82 780 2 434 000

other projects are, for example, LiLa5 and PURA6, which both aim to create diachronic
linguistic knowledge graphs from historical thesauri for Latin and Greek, respectively. In
comparison, EncycNet is focused on word meaning and semantics rather than word for-
mation and linguistics, which is due to the nature of encyclopedias compared to thesauri
or dictionaries. Common relations in semantic graphs include synonym and antonym
word pairs for example, similar to some of the edges that can be found in ConceptNet or
WordNet. An impression of the contents of EncycNet can be found in Figure 1, and an
overview of the encyclopedias used can be seen in Table 1.

All these projects, which facilitate digital access to LSR, emphasize the importance
of these cultural resources for the computational humanities. This also includes projects
that make LSR digitally accessible in the first place, such as the Nineteenth-Century
Knowledge Project7 indexing the entries of the Encyclopedia Britannica, and the corpus
curation for EncycNet [31]. These examples show that, even though LSR are analogue
knowledge bases, they bear great potential for KG transformation, partly already due to
their semi-structured nature.

The KG creation process can be separated into three steps: 1) ontology creation, that
is, devising a conceptual schema that guides the design of the KG, 2) concept identi-
fication, and 3) relation extraction. In the particular case of EncycNet, broadly speak-
ing, the encyclopedia entries function as subjects in the graph, while literals from the
entries’ texts and other entries function as objects. Concept identification in EncycNet
thus also consists of alignment and disambiguation across encyclopedias. The challenges
mentioned influence all steps of the KG creation process.

2.3.2. Diachronic Perspective: Historicity and Semantic Change

Most of the data within the humanities are time-sensitive, as simply most of human so-
ciety and culture lie in the past. As already mentioned, NLP is mostly concerned with
contemporary data, not only because KGs are more readily available, but evaluation data
as well. In EncycNet, historicity plays a challenging part for KG creation, firstly, be-
cause the historical nature adds to data heterogeneity, and secondly because the semantic
change of word meanings makes concept definition more difficult.

The genre of the encyclopedia has undergone a significant amount of change over
the last few centuries. While striving to be a source of unbiased information today, ency-

5https://lila-erc.eu
6https://pric.unive.it/projects/pura/home
7https://tu-plogan.github.io/

https://lila-erc.eu
https://pric.unive.it/projects/pura/home
https://tu-plogan.github.io/
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Figure 1. EncycNet subgraph representation of selected outgoing edges of central node Hexe (witch). Includes
all neighbors of depth 1 and up to 30 more neighbors of depth 2 (for visibility purposes). Colors indicate
different encyclopedias, i.e. where the edge or node was extracted from (green: Brockhaus 1837, red: Herder
1854, blue: Meyers 1905).

clopedias in the 19th century were highly diverse, even when discussing the same gen-
eral concepts. This concerns the selection and organization of concepts, as well as the
structure, scope, style and interpretation of individual concepts. Due to the fact that none
of the encyclopedias can serve as an objective baseline, the alignment procedure would
need to turn to another comprehensive and objective source. This is why in EncycNet,
we chose to solve this step by aligning to Wikipedia/Wikidata as an intermediate step.

Entries of encyclopedias are made up of more than just named entities. This is why
KG creation cannot turn to the method of entity linking in order to align concepts across
sources. Rather, the procedure would need to adapt methods from word sense alignment
(WSA) and word sense disambiguation (WSD) [32,33,34]. Here, three types can be dis-
tinguished: text-to-text, text-to-graph, and graph-to-graph. Therefore, alignment proce-
dures are often either based on text or graph similarity measures. We modeled the align-
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ment as a text-to-text similarity problem: concepts sharing the most similar de�nitions,
given either by the entries gloss or the summary part of Wikipedia, would be aligned.
We �rst selected candidates for alignment through Wikipedia's search function, targeting
Wikipedia's disambiguation pages in particular. For our model, we performed continued
training on TSDAE [35], a LM trained speci�cally to produce sentence or paragraph
embeddings, using Wikipedia and encyclopedia entries to adapt to the text genre. We
then generated gloss embeddings for each concept and its corresponding candidates with
TSDAE. Using cosine distance, we aligned concepts with its most similar candidate. We
manually annotated a balanced evaluation dataset of ambiguous entries in the encyclo-
pedias with their ground truth Wikipedia pages, which then, for our automated retrieval,
resulted in a quite high median number of candidates (10.5). We achieved an overall F1
of 0.66 on our testset, where we found that disambiguation is generally harder for named
entities (0.47 for people, 0.58 for locations) than for abstract concepts (0.66) and objects
(0.70) [36].

The concept alignment across multiple encyclopedias – spanning now two centuries
when including Wikipedia – bears signi�cant challenges. First, as concepts have under-
gone semantic change, it becomes dif�cult to assess whether a concept should actually
be aligned with its counterpart from a different time period. De�nitions could have be-
come broader or narrower, now perhaps even merging two previously different concepts
(sometimes resulting in archaic words) or splitting into two entirely. In thewitch exam-
ple from Figure 1 for instance, bothHexenmeisterandHexewere aligned to the same
Wikidata entry, one being the male and one being the female version of a witch. It re-
mains to be discussed how to asses concept boundaries and their shifts computationally,
and where the semantic threshold for cross-temporal alignment lies.

Historical variation is additionally noticeable in terms of orthography. For instance,
the contemporary word formFreiheit appears as historical orthographic variantFreyheit,
similarly Tier vs. Thier, Konzertvs. Concert, etc. In EncycNet, we performed ortho-
graphic normalization using the rule-based tool CAB, developed and maintained by the
DTA (Deutsches Textarchiv). In fact, orthographic text normalization remains an open
problem. An evaluation on parallel data between historical literary texts (c. 1750–1900)
and their normalized editions shows that even sequence-to-sequence Transformer-based
normalizers still make about one error per one hundred words [37].8 In fact, the impact
of orthographic varieties on downstream NLP/CLS tasks is largely unknown, and further
investigations in this area are required.

2.3.3. Synchronic Perspective: Cross-Domain Knowledge

The encyclopedias in the EncycNet corpus are so-called “conversational” encyclopedias
(Konversationslexika), which means that they encompass any kind of knowledge. Conse-
quently, facts, common sense and certain domain-speci�c aspects must be taken into ac-
count simultaneously when creating the KG, at least when following a holistic approach.
To make such knowledge extraction feasible, generic classes of entries need to be identi-
�ed as a �rst step. The classes of EncycNet consist of two types of entities (people, loca-
tions) and three types of concepts (objects, abstract concepts, �ctional concepts), which
were retrieved after the Wikidata alignment from Wikidata's taxonomy.

8https://github.com/aehrm/hybrid_textnorm
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In a second step, the most important relations for each class may be selected for
knowledge extraction. This ensures not giving preferential treatment to some (at times
highly speci�c) knowledge domains, simply because they seem easy to extract. Even
if knowledge graphs are not manually curated, the choice of computational methods
or knowledge to extract can lead to biased data, especially when handling nearly all
human knowledge at the same time. To give some examples, this applies to chemical
notations, currency exchanges, weight conversions, or highly nested hierarchies, which
can be found for languages for example.

The interdisciplinary approach for knowledge graph creation also in�uences the
choice of the underlying ontology. There exist multiple ontologies already which aim to
support linked data from cultural heritage sources. The ontology CIDOC CRM [28] is
the most prominent one and is often referenced in the digital humanities. The data model
is extremely vast, however the focus lies on the traditional KG de�nition, meaning on
entities and events. To add lexemes to KG ontologies (in contrast to focusing on named
entities only) has just recently been a point of interest in the community, such as the lex-
ical import of WordNet into Wikidata. Other ontologies such as OntoLex aim to support
the exact representation of LSR to KG (e.g. one entry references another), however this
data model does not take semantic relationships between lexemes into account. Overall,
these standards are well suited for sub-areas of encyclopedias, but the complete repre-
sentation of all content that EncycNet strives for, including mainly lexical properties, is
not entirely possible. Besides the advantages for alignment, this is also why we chose
the most extensive data model, Wikidata, where we only included properties relevant to
EncycNet.

2.3.4. Outlook and Discussion

EncycNet is one of the �rst openly available historical German knowledge graphs,9 striv-
ing to be a new data source for DH and NLP alike. In future work, we will further analyze
how the data can impact LM integration, in particular when it comes to the detection of
semantic change for historical German LMs.

To summarize, it can be said that the �eld of knowledge graphs is already making
a stronger impact in favour of the humanities, but there is still room for improvement
in many areas. For one, there is a greater need in terms of a machine-readable data rep-
resentation for time-sensitive data. Even though RDF* and many other projects exist to
adapt RDF (rei�cation in particular) to allow for time annotations, many of the ideas are
still preliminary or are not consistently supported formats throughout libraries or applica-
tions. Second, the de-facto standard for cultural heritage modeling, CIDOC CRM, is ex-
tremely complex and vast. Currently, this is why it is necessary to build domain speci�c
extensions of the ontology [38], meaning it is not suited for a cross-domain knowledge
approach. Wikidata on the other hand provides an easy-to-use and extensive data model,
where projects can rather select properties and concepts of interest instead of extending
the model, however it lacks standardization. Compromising between standardization and
generalization when developing ontologies in cultural heritage therefore remains to be a
challenge in the �eld. Third, development of methods surrounding concepts and disam-
biguation of word senses will have to move into the foreground, not just for the sake of

9https://encycnet.github.io/ ; RDF knowledge graph available athttp://dx.doi.org/10.5281/
zenodo.10219192
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KG creation. Many WSD techniques rely on linked data resources as “sense inventories”
[39]. To create a historical linked data source with sense disambiguated concepts at this
point in time means relying on contemporary data, and in turn integrating potentially
false assumptions. Especially for resources like encyclopedias, where every sense of a
word is listed and in turn is a highly ambiguous resource, we need to re�ne methods that
do not rely on external data. This entails for example, as stated in Section 2.3.2, a clear
cut model of when a word sense changes meaning.

3. Text as Graphs

In the previous section, we have discussed the challenges and chances in creation of
KGs from existing semantic resources for CLS and provided a speci�c example, with
the knowledge graph EncycNet. In addition to this semi-manual creation from existing
resources, it is also feasible – and in many cases very promising – to extract graph rep-
resentations from the texts themselves. On the one hand, this enables the use of graph-
based methods to further process the extracted information. On the other hand, it also
gives us the chance to directly feed the information we have extracted so far back into
our models using, among others, the methods we will describe in Section 4 – leading to a
kind of feedback loop, where the model can iteratively gain a better understanding of the
texts by reading through them multiple times and re-using the knowledge the model has
gained in previous passes. One example where graph representations are directly suitable
for literature are character networks. These networks can serve as a kind of condensed
representation of a text. A very simple character network could show which characters
interact in the text, while more sophisticated versions could include information about
friendship or family relations. This is also a prime example for the feedback loop: A
model can extract information about the characters in a text to a character graph and then
directly incorporate this graph to gain a better understanding of the text.

In the remainder of this section, we will describe existing experiments towards the
use of graph representations for the processing of literary texts. We start by introducing
research on representing characters and static character networks using graph neural net-
works, before introducing an approach to provide a temporal partitioning of the texts in
scenes and �nally working towards combining these two approaches to represent texts as
a sequence of scenes represented by character networks, among other features. Our in-
tended next step in future work is to �nalize this combination by applying temporal graph
neural networks to the sequence of character networks, building a more comprehensive
representation of the plot of a novel.

3.1. Character Networks as a Representation for Literary Characters

In previous work [40], we have extracted character networks from different texts in
Tolkien's Legendarium in a semi-automated way, creating a joint character network over
all texts. We have shown that applying graph neural networks to this representation leads
to better representations of the characters than just using word embeddings based on the
texts.

We use the English full text of The Lord of the Rings (consisting of three volumes:
The Fellowship of the Ring, The Two Towers and The Return of the King), The Hobbit
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and The Silmarillion. The texts are pre-processed using BookNLP10 and co-references
are resolved in a semi-automatic way, only resolving explicit named mentions (e.g.,
“Peregrin Took”, “Sam Gamgee”) due to the dif�culty of full co-reference resolution on
literary texts, especially due to its long document length [41]. A joint character network
for all texts is then constructed from co-occurrences of characters in the same sentence.

We evaluate the suitability of Graph Neural Networks for the representation of the
character network in two downstream tasks: character classi�cation and link prediction.
In the �rst task, we aim to build a classi�er that is able to detect which book (Hobbit, Sil-
marillion or Lord of the Rings) a character is most strongly af�liated with. This shows the
model's ability to represent the structure of the character networks. The same approach
can also be used to classify characters with regard to their role in a text, for example
main character, mentor or antagonist, when a larger collection of texts is available with
these roles annotated. In the second task, we want to build a model that is able to infer
whether a link (i.e., an interaction) between two characters is missing from the network.
This can be used to reconstruct co-occurrences in the texts that have been missed due to
errors in the co-reference resolution.

For both of these tasks, we compare character embeddings created using differ-
ent types of graph neural networks with Word2Vec embeddings of the character names.
These word embeddings are trained on Tolkien's novels, but lack the structural informa-
tion from the character networks. We show that Graph Convolutional Networks using
Word2Vec embeddings as additional node features outperform pure Word2Vec embed-
dings in both tasks, raising the F1-score for node classi�cation from 79:45 % to 92:32 %
and the ROC/AUC score for link prediction from 78:16 % to 81:67 %. This proves that
the structural information encoded in the character networks is indeed useful for repre-
senting the characters in the texts.

In addition to these quantitative evaluations, we also use both Word2Vec embed-
dings and embeddings produced from graph neural networks to build visualizations of
the character networks. Figure 2 shows the resulting visualizations. We can see that the
GNN-based visualization provides a clear separation between the three books, while the
Word2Vec-based visualization mixes characters from all books.

Overall, our experiments in this paper show that NLP methods and graph based
methods can be combined very effectively: We can use NLP methods to extract graphs
from texts and then use these graphs to build better representations of the entities in the
text.

3.2. Segmentation of Novels into Scenes

While the static representations used above [40] can provide a good overview of the
story's structure and characters, they ignore one of the most important aspects of lit-
erature: the development of the story over time. In order to model this development, a
segmentation of the text into coherent parts is necessary. This may be done on a purely
structural level, for example by using paragraphs or pages as a unit for segmentation.
However, we argue that a segmentation strategy grounded in literary theory is desirable.
Therefore, we have proposed the task of scene segmentation, where a text is to be split
into segments that are coherent across four dimensions: time, space, action and character
constellation [43]. In short, this means that a scene should not contain major jumps in

10https://github.com/booknlp/booknlp .
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(a) Latent space embedding of characters obtained by applying the word embedding Word2Vec to
the whole text corpus

(b) Latent space embeddings obtained by the Graph Convolutional Network using Word2Vec char-
acter embeddings as additional node features

Figure 2. Comparison of two latent space embeddings of characters in Tolkien's Legendarium using (a)
Word2Vec and (b) the hidden layer activations of a Graph Convolutional Network, where nodes carry addi-
tional features that correspond to Word2Vec embeddings. Node colors indicate the work in which characters
appear most frequently (red: The Hobbit, green: The Lord of the Rings, blue: The Silmarillion). Edges repre-
sent character co-occurences in the text. Two-dimensional visualizations were generated using the dimension-
ality reduction technique t-SNE [42].


