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Abstract

This thesis explores the application of fine-tuned large language models (LLMs) for automating the detec-
tion and classification of violent events in ancient historical texts. The primary research objectives were to
determine whether LLMs could accurately identify violent versus non-violent texts and classify them across
multiple dimensions of violence, such as level of violence, contextual background, underlying motives, and
long-term consequences. Given the significant manual effort involved in annotating historical texts for vi-
olence, this research aims to alleviate that burden by automating the process using machine learning models.

The thesis is structured around two core experiments. In the first experiment, we fine-tuned BERT and
RoBERTa models on manually annotated examples of violent and non-violent texts. The datasets uti-
lized were derived from historical texts curated in the ERIS and Perseus digital humanities databases. The
fine-tuned models demonstrated high accuracy in identifying violent passages, significantly outperforming
general-purpose models like GPT-4omini. Fine-tuning these models on domain-specific data led to superior
precision and recall scores. In the second experiment, we expanded the scope to multi-class classification,
categorizing violent events into four dimensions: level of violence (interpersonal, intrapersonal, intersocial,
intrasocial), context (political, military, social, etc.), motive (strategic, emotional, religious, etc.), and long-
term consequences (death, conquest, plunder, etc.). The results highlighted the models’ ability to handle
complex categories with high performance in frequently occurring classes, though challenges persisted in
distinguishing more nuanced or low-frequency categories.

Despite the overall success, limitations arose due to the inherent complexity of historical texts. Historians
often rely on extra-textual knowledge, that is, insights beyond the text itself, to interpret nuanced contexts.
For example, understanding the Roman Senate allows historians to infer that a debate in this setting involves
senators, even if not explicitly stated. Similarly, knowledge of cultural norms, like the symbolic meanings of
Greek rituals, or awareness of an author’s biases, helps historians add depth to their interpretations. Social
hierarchies also inform inferences, such as identifying a high-ranking official when a text mentions someone
giving orders. These contextual layers are challenging for LLMs, which primarily rely on the explicit content
of the text without access to such background knowledge. Such subtle interpretations remain challenging
for LLMs, which primarily rely on the text provided. Additionally, the classification of violent acts is difficult
even for experts, given the strict criteria used in historical analysis. Computational constraints also restricted
the use of models larger than RoBERTa Large, and limited access to expansive annotated datasets posed
further challenges.

The thesis concludes that while automation through LLMs can significantly accelerate the annotation pro-
cess, these models are not replacements for expert human analysis but rather serve as complementary tools.
Future work will aim to expand the classification framework to include additional categories, explore larger
and more advanced models, and address the cultural and contextual nuances inherent in ancient texts.
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1. Introduction

In our introductory chapter, we introduce the motivation for our research. We outline the significance of
this work, our specific research objectives, and the methodological approaches we employed. Finally, we
provide an overview of the thesis structure to guide the reader through the subsequent chapters.

1.1. Motivation

Violence, as a pervasive element in human history, has left indelible marks on societies, shaping cultural
values, political structures, and social norms. Understanding the role of violence in shaping ancient civi-
lizations offers valuable insights into how societies evolved, how power was negotiated, and how conflicts
were resolved. However, the task of analyzing historical texts to extract information on violent events is
both labor-intensive and time-consuming. Traditionally, historians have relied on manual analysis, which in-
volves intensively reading and annotating vast amounts of text to identify instances of violence and extract
knowledge from those instances. This process can take several months or even years to complete for some
historical works, especially when dealing with extensive collections of ancient manuscripts.
While traditional manual annotation remains the gold standard for extracting nuanced interpretations from
historical texts, it is increasingly evident that the sheer volume of ancient manuscripts and the complexities
inherent in historical language make this approach highly inefficient. Given the rapid growth of digital archives
and the availability of vast historical corpora, there is a pressing need to develop automated methods that
can assist historians in extracting relevant information more efficiently.
Large Language Models (LLMs) offer a promising solution to this problem. By leveraging the capabilities
of state-of-the-art neural networks, such as BERT, RoBERTa and chatGPT, we can significantly expedite
the process of identifying violent events and extracting contextual information from ancient texts. These
models not only reduce the time required for analysis but also enable researchers to uncover patterns and
insights that may go unnoticed during manual annotation.
This research, therefore, seeks to bridge the gap between historical Research and computational linguistics
by automating the annotation of violence in ancient texts. The primary motivation behind this thesis is to
develop and evaluate methodologies that can enhance the efficiency of historical analysis while maintaining
the depth of understanding traditionally achieved through manual methods. In doing so, we aim to comple-
ment, rather than replace, the expertise of historians, allowing them to focus on deeper interpretative tasks
rather than spending extensive time on initial data processing.

1.2. Research objectives

This thesis aims to leverage recent advancements in Large Language Models (LLMs) to automate the
detection and analysis of violence in ancient texts. By focusing on historical datasets such as ERIS and
Perseus, this research explores the capabilities of models like BERT, RoBERTa, and GPT-based models to
enhance the efficiency of text annotation processes traditionally performed by historians.

Research Questions

• How can fine-tuned LLMs be employed to detect and classify instances of violence in ancient historical
texts?

• To what extent can these models match or complement the accuracy of expert historians in identifying
violence and contextual information?

1



CHAPTER 1. INTRODUCTION

• What are the key challenges and limitations of applying LLMs to ancient datasets, especially given
the nuances of historical language and cultural context?

• Can automated techniques uncover patterns or insights that might be overlooked in manual historical
analysis?

Objectives

• Develop and fine-tune existing LLMs to perform binary classification of violent and non-violent texts,
followed by multi-class classification to extract context, motive, and long-term consequences of violent
acts.

• Evaluate the performance of these models on historical datasets, measuring their precision, recall, and
overall F1 scores to assess their accuracy compared to expert human annotations.

• Address the challenges of applying LLMs to ancient texts, such as handling limited annotated data
and understanding the cultural and linguistic nuances of historical sources.

• Propose methodologies that could enhance the integration of automated tools with traditional histor-
ical analysis, aiming to complement the work of expert historians.

Methodological Approach To achieve these objectives, the research is structured around two core ex-
periments:

1. Binary Classification: Fine-tuning BERT and RoBERTa models to distinguish between violent and
non-violent passages in ancient texts.

2. Multi-Class Classification: Using the best-performing models to further classify instances of violence
into categories based on context, motive, and long-term consequences.

The experiments will include data preparation, model fine-tuning, and thorough evaluation using metrics
such as precision, recall, and F1 scores. These methodologies are aimed at addressing the outlined research
questions and achieving the stated objectives.

2



1.3. THESIS STRUCTURE OVERVIEW

1.3. Thesis Structure Overview

This thesis is organized into six main chapters, each building upon the previous to explore the automation
of violence detection in ancient texts using large language models. The following overview outlines the
structure of the thesis:

1. Introduction The Introductory chapter sets the stage by introducing the motivation behind this
research, which aims to bridge the gap between computational linguistics and historical analysis. It
presents the research objectives, the methodological approaches taken, and an overview of the thesis
structure.

2. Modern Network Structures and Large Language Models
This chapter provides a foundational background in neural network architectures, focusing on the
evolution of the Transformer network. It delves into the development and significance of models
like GPT, BERT, and RoBERTa, in this chapter we aim to introduce the technical aspects of the
experiments conducted in this research.

3. Ancient Violence from a Historical and Computational Perspective
The third chapter explores the historical context of violence as depicted in ancient texts. It examines
cultural norms, power dynamics, and conflict resolution, emphasizing the importance of detecting
and analyzing violence for historical research. Additionally, it introduces the challenges of annotating
ancient texts and highlights how large language models can assist historians in this labor-intensive
task.

4. Violence Detection Using Large Language Models
The fourth chapter focuses on the first core experiment: binary classification of violent versus non-
violent texts. It covers the dataset preparation, model selection, and fine-tuning procedures. The
evaluation metrics and results are presented to demonstrate the effectiveness of the models in au-
tomating the detection of violent content within historical texts.

5. Knowledge Extraction Using Large Language Models
Building upon the results of the binary classification task, this chapter extends the research to multi-
class classification. It involves categorizing detected violent texts into specific subcategories, such as
the level of violence, context, motive, and long-term consequences. This section explores the models’
performance in extracting deeper insights from ancient texts, showcasing their ability to capture
complex historical information.

6. Conclusion
The final chapter summarizes the key findings, discusses the limitations of the current research, and
proposes directions for future work. It reflects on the potential of large language models to significantly
reduce the time and effort required for manual annotation, ultimately supporting historians in their
analytical endeavors rather than replacing them.

The thesis is designed to guide the reader progressively, from understanding the technical foundations of
large language models to applying them in the historical analysis of ancient texts.
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2. Modern Network Structures and Large
Language Models

The rise of deep learning has revolutionized numerous fields, with Natural Language Processing (NLP)
standing out as a key beneficiary of these advancements. Over the past decade, the development of neural
network architectures has significantly transformed our ability to process and understand human language.
Among these advancements, the Transformer network has emerged as the foundation for contemporary
NLP, providing the structural basis for large language models (LLMs). These models, capable of capturing
nuanced linguistic patterns, have set a new standard in tasks ranging from translation to sentiment analysis.
The development of Transformer-based architectures represents a paradigm shift in NLP, moving from
earlier neural networks like Recurrent Neural Networks (RNNs) and Convolutional Neural Networks (CNNs)
to models that leverage self-attention mechanisms. This evolution has enabled models to overcome the
limitations associated with sequence length and contextual understanding, challenges that once constrained
earlier generations of NLP systems.
This chapter provides a comprehensive overview of the fundamental architectures and innovations that paved
the way for modern LLMs. It begins by tracing the historical development of deep learning models, leading
to the introduction of the Transformer network and its widespread adoption. We will then examine key
LLMs, including GPT, BERT, and RoBERTa, which have pushed the boundaries of what is possible in NLP.
These models will serve as the technical foundation for our experiments on violence detection in ancient
texts. In the end of the chapter, an overview of the thesis is provided, outlining the structure and flow
of the research. This is intended to serve as a roadmap for readers to guide them through the technical
foundations laid in this chapter to the historical and computational analysis presented in later chapters.

2.1. The Emerging and Evolution of the Transformer Network

Transformers [4] are the new state-of-the-art network structure for solving natural language processing.
Before 2017, research areas in deep learning were dominated by two types of neural network structures
which are recurrent neural networks(RNNs) [14] and Convolutional neural networks (CNN) [1].

Figure 2.1.: RNN
structure[1].

Figure 2.2.: CNN
structure[2].

Variants of these network structures, such as Long Short-Term Memory (LSTM) networks, addressed some of
the inherent limitations of earlier neural networks. However, Recurrent Neural Networks (RNNs) consistently
struggled with natural language processing (NLP), particularly when handling long sequences of data [15].
This difficulty stems from the vanishing or exploding gradient problem, which occurs when the recursive
output is either too large or too small [16]. While LSTMs performed effectively with shorter data sequences,
they encountered significant challenges with longer sequences. Training LSTMs on extensive text data is
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considerably harder, and transfer learning becomes ineffective without task-specific labeled datasets [17].
Another approach was the adaptation of Convolutional Neural Networks (CNNs) for NLP, offering advantages
such as parallelism and the ability to leverage the ReLU activation function [18]. However, CNNs have a
notable limitation in NLP tasks, as they process a fixed-sized input window, limiting their ability to capture
context across an entire document.

2.1.1. Machine Translation: First Approach to Attention

In 2013, Kalchbrenner et al.[19] introduced a machine translation model that laid the groundwork for Bah-
danau et al.’s[3] 2014 innovation: the concept of content-based neural attention. Attention is a mechanism
positioned between the encoder and decoder, enabling the decoder to access information from every hidden
state of the encoder. This allows the model to "attend" to the most relevant parts of the input sequence,
improving its ability to learn from inputs and address the challenge of processing long sequences[20]. The
key idea behind this approach is that each word in the input sequence can attend to all other elements in
the output sequence, as depicted in Figure2.3.

Figure 2.3.: How words are attended [3].

The attention mechanism works as follows:

• For every output position i, you generate a query qi.

• So we have a set of queries {q1, . . . , qnq}, each of size dk.

• For every input position j, you generate a key kj .

• So we have a set of keys {k1, . . . , knk
}, also of size dk (same size as the queries).

• We also have a set of values {v1, . . . , vnk
}, each of size dv. For simplicity, dv has the same dimension

as dk.

Stacking all of these vectors into matrices gives:

Q =

q⊤1
...

q⊤nq


︸ ︷︷ ︸
nq×dk

, K =

k⊤1
...

k⊤nk


︸ ︷︷ ︸
nk×dk

, V =

v⊤1
...

v⊤nk


︸ ︷︷ ︸
nk×dv

(2.1)
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We compute the relevance scores by taking the dot product between queries and keys. The output is
calculated as:

out = softmax
(
QK⊤
√
dk

)
V (2.2)

We perform a weighted average on the values V using the attention weights derived from the relevance
scores:

[
w

(1)
1 . . . w

(1)
nk

]
︸ ︷︷ ︸

1×nk

v⊤1
...

v⊤nk


︸ ︷︷ ︸
nk×dv

=

nk∑
i=1

w
(1)
i v⊤i (2.3)

2.1.2. Attention Nets: The Emergence of the Transformer

In 2017, Vaswani et al. published a breakthrough paper that expanded the concept of attention by adding
the element of self-attention [4]. The new model introduced in this paper is called the Transformer, which
became the basis for many future foundation models [21]. In their proposed model, the Query, Key, and
Value vectors are split into 8 heads (64-dimensional vectors), as shown in Figure 2.4, and the attention layer
is applied to each head in the same way as before. This allows the network to learn 8 different semantic
aspects of attention, such as grammar, vocabulary, conjugation, synonyms, and so on. This means the
Transformer can build up an internal understanding of words.

First, the output of the self-attention is given by the equation:

Attention(Q,K, V ) = softmax
(
QK⊤
√
dk

)
V (2.4)

Expanding the above equation gives:

Attn(Q,K, V ) = softmax
(
QK⊤
√
dk

)
V

= softmax


1√
dk

q⊤1
...

q⊤nq


︸ ︷︷ ︸
nq×dk

[
k1 . . . knk

]︸ ︷︷ ︸
dk×nk


v⊤1

...
v⊤nk


︸ ︷︷ ︸
nk×dv

= softmax


1√
dk

q⊤1 k1 . . . q⊤1 knk

...
. . .

...
q⊤nq

k1 . . . q⊤nq
knk


︸ ︷︷ ︸

nq×nk


v⊤1

...
v⊤nk


︸ ︷︷ ︸
nk×dv

=


softmax

(
q⊤1 k1√

dk
, . . . ,

q⊤1 knk√
dk

)
...

softmax
(

q⊤nqk1√
dk

, . . . ,
q⊤nqknk√

dk

)


︸ ︷︷ ︸
nq×nk

v⊤1
...

v⊤nk


︸ ︷︷ ︸
nk×dv

(2.5)

Here, the softmax operator is applied row-wise. The dot products between queries and keys are scaled by
1/

√
dk, which is why this is referred to as scaled dot-product attention.
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It’s important to note that the weighted sum in this sub-module is derived from the matrix-matrix
product mentioned earlier. To better understand this, consider focusing on the first row of the query-key
dot product matrix. By expressing the elements of the softmax row vector as {w(1)

1 , . . . , w
(1)
nk }, we can

simplify the notation and arrive at the following formula:

[
w

(1)
1 . . . w

(1)
nk

]
︸ ︷︷ ︸

1×nk

v⊤1
...

v⊤nk


︸ ︷︷ ︸
nk×dv

=

nk∑
i=1

w
(1)
i v⊤i (2.6)

Here, we get the weighted sums. It should be noted that the values w
(1)
i are scalars, while the values v⊤i

are vectors of size dv.
The basic concept is that each query is represented as a single row in a matrix. To handle multiple

queries, additional rows are added to the matrix. The extensions build on this basic concept by using
trainable parameters to linearly project the Q, K, and V matrices, similar to a dense layer. Additionally,
several of these operations are performed in parallel and then combined along one axis.

The first component of an encoder or decoder layer is as described above. The second component is a
simple fully connected layer given by:

FFN(x) = max(0, xW1 + b1)W2 + b2 (2.7)

Figure 2.4.: Architecture of the vanilla Trans-
former [4].

Figure 2.5.: Input, output, and value are split
into multiple heads [4].

The Transformer combines the self-attention component and the fully connected layer with residual
connections and layer normalization. This process is repeated for several layers, with six layers being used
for both the encoder and decoder in the original paper.

2.1.3. Variants of Transformer

The Transformer architecture marked a significant innovation that various fields in AI rapidly sought to
adopt. Initial adaptations occurred in computer vision, with research groups attempting to integrate atten-
tion mechanisms into convolutional neural networks (CNNs) [22], [23], or to remove CNNs entirely [24].
However, these approaches often modified the Transformer architecture too drastically, resulting in poor
scalability. A key breakthrough came with the introduction of the Vision Transformer (ViT) [5], which was
designed specifically for image processing and yielded results comparable to state-of-the-art computer vision
algorithms. The ViT works by dividing an image into patches, flattening those patches, applying positional
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embeddings, feeding them into the encoder, and pre-training the model. These steps are illustrated in
Figure 2.6.

Figure 2.6.: Vision Transformer model structure [5].

The ViT was initially trained on the ImageNet-21K dataset [25] and fine-tuned on multiple datasets such
as COCO (Common Objects in Context) [26] and the Visual Genome dataset [27]. An example of ViT’s
performance can be seen in Figure 2.8, where the transformer attends to key features of the input image.

Figure 2.7.: Results of the ViT Transformer [5].

One downside of the ViT is that it requires an enormous amount of data for effective training. However,
with sufficient data, the ViT has been shown to outperform state-of-the-art CNNs [28]. A variety of other
transformer models are highlighted in Figure 2.8.

2.2. Large Language Models

Large Language Models (LLMs) have become a cornerstone of natural language processing, enabling sophis-
ticated text understanding and generation capabilities. They rely on transformers trained on vast amounts
of text data, allowing them to grasp linguistic patterns and contextual meanings across diverse text corpora.
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Figure 2.8.: Different types of transformers from a 2022 survey [6]

This section focuses on three influential LLMs; GPT, BERT, and RoBERTa. These models have transformed
the field of NLP and are now the standard for NLP tasks.
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2.2.1. GPT: Generative Pre-trained Transformer

The GPT series, developed by OpenAI, represents a significant leap in language modeling by introducing
a transformer-based architecture optimized for generative tasks. GPT [29] and its successors (GPT-2 and
GPT-3) employ a unidirectional language model that processes text from left to right. This approach enables
GPT to predict the next word in a sequence, making it particularly effective for tasks like text generation,
machine translation, and question answering.
GPT’s underlying architecture is based on the transformer model. However, unlike models such as BERT,
GPT focuses only on one direction—predicting future words based on prior context. This has proven useful
in creative applications where generating coherent, contextually accurate text is crucial [30].
While GPT’s generative capabilities are impressive, its lack of bidirectionality can limit its understanding
of ambiguous or complex text structures. This led to the development of models like BERT, which are
designed to overcome some of these limitations by incorporating bidirectional context.

Later Developments in GPT: With the release of GPT-3 in July 2020, OpenAI introduced three models
of increasing size, with parameter counts of 1B, 6.7B, and 175B, respectively named Babbage, Curie,
and Davinci[31]. Each of these models exhibited remarkable scaling capabilities, making GPT-3 the most
powerful model at the time. The sheer size of GPT-3 allowed it to perform tasks with minimal fine-tuning,
showcasing its few-shot learning capabilities.
In 2021, OpenAI published Codex, a specialized GPT model targeted for programming applications. Codex
was developed by fine-tuning a 12B parameter version of GPT-3 using code from GitHub. This model
powers tools like GitHub Copilot, which assists programmers by generating code based on natural language
input.
In March 2022, OpenAI released two instruction-tuned versions of GPT-3: davinci-instruct-beta and text-
davinci-001, which were fine-tuned to follow human instructions. These models represented a shift in the
development of GPT models, focusing on improved interaction with human prompts and yielding better
alignment with user needs.

GPT-4 and Multimodal Capabilities: GPT-4, released in March 2023, marked the next milestone in
the evolution of generative models. While the size and training details of GPT-4 were not disclosed, it
introduced significant improvements, particularly its ability to process both text and image inputs, making
it a multimodal model. GPT-4’s ability to handle different data types opened up new possibilities for
applications in fields such as image recognition, language translation, and chatbot interactions.
The release of GPT-4 also coincided with the development of reinforcement learning from human feedback
(RLHF) to refine its conversational abilities. This technology was integrated into OpenAI’s ChatGPT,
which builds on the capabilities of GPT-3.5 and GPT-4 for a more conversational, human-like interaction
experience.

o1-Model and A New Breakthrough in AI Efficiency: In 2024, OpenAI introduced the o1 model[32], a
transformative step in AI architecture aimed at reducing both computational cost and energy consumption.
The o1-Model is designed to achieve constant time inference, regardless of model size, a significant departure
from traditional models where inference time scales with the number of parameters.
o1 achieves this by leveraging innovative techniques in model compression, tokenization, and sparse attention
mechanisms. This allows the model to maintain high performance on generative tasks while dramatically
improving efficiency. The model is expected to open new doors for deploying large language models in
resource-constrained environments, such as mobile devices or edge computing.
o1’s introduction signals a new era for AI scalability, where the trade-offs between model size and com-
putational efficiency can be minimized without sacrificing performance. This breakthrough could have far-
reaching implications for democratizing access to large language models, enabling broader adoption across
industries and making advanced AI tools more accessible.
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2.2.2. BERT: Bidirectional Encoder Representations from Transformers

BERT (Bidirectional Encoder Representations from Transformers), introduced by Devlin et al. [33], rev-
olutionized the field of natural language processing (NLP) by introducing a bidirectional mechanism to
understand text, which marked a significant departure from previous unidirectional models. Prior to BERT,
models like GPT (Generative Pre-trained Transformer) read text in a unidirectional manner, either left-to-
right or right-to-left. This unidirectional processing inherently limited the model’s ability to fully capture
the context of a word based on its surrounding text. In contrast, BERT processes words in both directions
simultaneously, allowing it to consider the entire context before predicting or classifying a word. This bidirec-
tional feature is particularly powerful for tasks where the meaning of a word or phrase depends heavily on the
surrounding words, such as named entity recognition[34], question answering[35], and text classification[36],
where disambiguating meaning is crucial.
BERT’s architecture is built upon the Transformer encoder, which allows the model to attend to differ-
ent parts of the input text using self-attention mechanisms. This self-attention mechanism helps BERT
efficiently capture long-range dependencies between words in a sentence, making it highly effective for un-
derstanding context-rich language tasks. The encoder’s ability to consider relationships between words at
various distances in the text allows BERT to better understand nuances in language, making it well-suited
for complex linguistic tasks.
The pre-training of BERT relies on two tasks: masked language modeling (MLM) and next sentence pre-
diction (NSP). In MLM, a percentage of the input tokens are randomly masked, and the model is trained to
predict the original masked words based on the surrounding context. This task forces BERT to build a deep
understanding of the relationships between words and sentences. For example, if the word "cat" is masked
in the sentence "The ... sat on the mat," BERT must learn from the context to predict that the missing
word is "cat." This bidirectional learning through MLM contrasts with models like GPT, which predict the
next word sequentially and do not have access to both past and future context during training.
Next Sentence Prediction (NSP) is another critical component of BERT’s pre-training. In NSP, BERT is
given pairs of sentences and is tasked with determining whether the second sentence follows the first in a
natural sequence. This enables the model to capture a higher-level understanding of sentence relationships
and coherence. For example, if presented with the sentences "John went to the store" and "He bought
some apples", BERT learns to infer the logical sequence between them. NSP helps in tasks where sentence
order and flow are important, such as in document-level understanding and question-answering tasks.
BERT’s pre-training on these dual tasks results in a model that has a robust grasp of language structure
and semantics, making it highly effective across a wide range of NLP applications. Fine-tuning BERT on
task-specific datasets enables it to achieve state-of-the-art performance in various downstream tasks, such
as sentiment analysis, machine translation, and summarization. The fine-tuning process is efficient because
BERT’s pre-trained language representations can be adapted to new tasks with relatively small task-specific
datasets, compared to training a model from scratch.
Since its introduction, BERT has been widely adopted in both academic research and industry applications.
One reason for its widespread impact is its ability to significantly improve performance in tasks requiring
deep contextual understanding. For instance, in question-answering systems, BERT’s ability to grasp the
context of the question and the document from which the answer is derived leads to more accurate answers.
Additionally, in named entity recognition (NER), BERT can disambiguate entities based on the surrounding
text, improving accuracy in identifying persons, locations, organizations, and other named entities.
Moreover, BERT’s success led to the development of various BERT variants and improvements, such as
RoBERTa (Robustly Optimized BERT Approach)[37] and ALBERT (A Lite BERT)[38], which optimize
training procedures or reduce the computational resources required by the model. These variants make
BERT’s architecture more accessible for large-scale deployments, expanding its utility across diverse com-
putational environments. Additionally, multilingual BERT models have enabled applications of the model
to languages beyond English, making it an essential tool for international NLP applications.
However, despite its significant contributions, BERT also has limitations. One major drawback is its com-
putational expense[39]. The large number of parameters in BERT, especially in its larger configurations
(BERT-Large), requires substantial computational resources for both pre-training and fine-tuning. This has
led to efforts to make BERT more efficient, including distilling BERT into smaller models that retain much
of its performance while being easier to deploy in resource-constrained environments[40].
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Overall, BERT has transformed the landscape of NLP by introducing a model that not only understands
text bidirectionally but also excels in a variety of tasks without requiring task-specific architectures. Its
introduction sparked a new era of research into Transformer-based models, which continue to advance the
state-of-the-art in language understanding and generation tasks.

2.2.3. RoBERTa: A Robustly optimized BERT pre-training appraoch

RoBERTa (Robustly Optimized BERT Pretraining Approach), introduced by Liu et al. [37], is a significant
refinement of BERT, designed to enhance its performance and robustness across a variety of NLP tasks.
While RoBERTa retains the foundational Transformer architecture introduced in BERT, it focuses on op-
timizing the pre-training process to address several limitations and inefficiencies observed in the original
BERT framework.
One of the most notable changes in RoBERTa is the removal of the Next Sentence Prediction (NSP) task.
The creators of RoBERTa found that the NSP objective, initially intended to help BERT understand sentence
relationships, was not as crucial for performance on downstream tasks as previously thought. By eliminating
this task, RoBERTa reallocates resources to more intensive Masked Language Modeling (MLM), increasing
the model’s exposure to training data. This adjustment allows RoBERTa to learn more comprehensive
language patterns without the constraints imposed by sentence pair classification.
Another key innovation in RoBERTa is the significant increase in the volume and diversity of pre-training
data. RoBERTa was trained on larger datasets than BERT, including sources like the Common Crawl
and news articles, resulting in a corpus size nearly ten times that used for BERT’s pre-training. This
extensive data exposure provides RoBERTa with a broader understanding of language, enhancing its ability
to generalize across different domains and linguistic contexts. The increased dataset size is coupled with
longer training durations, allowing the model to converge more effectively and learn more nuanced language
representations.
In addition to a larger training corpus, RoBERTa employs adjustments to the pre-training hyperparameters,
optimizing the training process. It uses larger batch sizes, longer sequences, and a higher learning rate,
which enable more stable and faster convergence. This makes the training process more efficient, allowing
the model to better capture long-range dependencies and contextual information within the text. These
optimizations contribute to RoBERTa’s superior performance in various NLP benchmarks, particularly in
tasks requiring deep contextual understanding, such as reading comprehension and language inference.
RoBERTa also modifies the Masked Language Modeling (MLM) task by removing the constraint that 15%
of tokens must be masked in each training sequence, allowing it to sample dynamically from the corpus.
This variation enables RoBERTa to utilize a more diverse range of language contexts, leading to improved
language modeling and a better understanding of sentence structure and semantics. The model’s flexibility
in the MLM task contributes to its robustness when applied to complex language tasks.
Due to these optimizations, RoBERTa achieves state-of-the-art results across several benchmark datasets,
including GLUE (General Language Understanding Evaluation)[41], SQuAD (Stanford Question Answering
Dataset)[42], and RACE (Reading Comprehension Dataset from Examinations)[43]. In particular, RoBERTa
consistently outperforms BERT in scenarios requiring comprehensive language understanding and nuance,
making it a preferred choice for many advanced NLP applications.
Beyond pre-training, RoBERTa is fine-tuned on task-specific datasets in a similar manner to BERT. The
fine-tuning process benefits from the richer and more nuanced pre-trained language representations that
RoBERTa develops, allowing it to excel in diverse tasks such as text classification, sentiment analysis, and
entity recognition. This makes RoBERTa particularly effective for applications in both research and industry,
where precise language understanding is crucial.
The success of RoBERTa has inspired the development of several derivatives and enhancements, each
aiming to refine or extend its capabilities. Notable examples include models like XLM-R (Cross-lingual
RoBERTa)[44], which extends the model’s functionality to multilingual contexts.
However, despite its advancements, RoBERTa shares some limitations with BERT, such as the high com-
putational costs associated with training and deployment. Efforts to optimize RoBERTa continue, with
research focusing on making the model more efficient without sacrificing performance. This includes explor-
ing techniques like model pruning[45], quantization[46], and distillation[47] to reduce the resource burden
while maintaining accuracy.
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3. Ancient Violence from a Historical and
Computational Perspective

Violence, in all its forms, has long played a critical role in shaping human societies, their values, and their
norms. While violence is a fundamental aspect of every human society, its meaning is shaped by cultural
context. Due to its diverse and multifaceted nature, violence is difficult to define, with various academic
disciplines offering differing interpretations. For the purposes of this work, we adopt the definition provided
by Werner Rieß, who states that "violence is a physical act, a process in which a human being
inflicts harm on another human being via physical strength"[48]. Additionally, Mercy et al. define
interpersonal violence as "the intentional use of physical force or power against other persons by
an individual or small group of individuals", further dividing it into family or partner violence and
community violence [49].
Interpersonal violence in ancient texts is not merely a reflection of individual conflicts; it also mirrors broader
societal structures, providing insights into the functioning of power, justice, and social order. This analysis
offers critical perspectives on the cultural, legal, and social dynamics of early civilizations.
This chapter will explore the multifaceted role of interpersonal violence in ancient texts, examining its
connections to cultural values, social hierarchies, and psychological motivations. It will also address the
importance of detecting violent incidents, explore the Perseus and ERIS datasets, and discuss the challenges
faced in this field of research.

3.1. Violence in Ancient History

3.1.1. Cultural Norms and the Role of Violence

In many ancient societies, violence was often tied to cultural concepts of honor, revenge, and justice.
Interpersonal violence frequently emerged in situations where personal or familial honor was at stake. The
idea of honor was not just personal but deeply entrenched in societal expectations. In texts like The Iliad[50],
the entire narrative revolves around concepts of honor, glory, and the consequences of personal affronts.
Achilles’ wrath, triggered by the loss of his war prize, Briseis, reflects how deeply intertwined honor and
violence were in ancient Greek society[51, 52].

Figure 3.1.: Battle of Achilles and Hector as depicted by The Iliad[7].

Similarly, in the ancient Near East, honor-based violence was integral to social and familial relationships.
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The Epic of Gilgamesh illustrates this when Gilgamesh and Enkidu engage in violent confrontations that
reflect broader societal values about bravery and heroism[53].
Violence was also heavily regulated by legal codes in many ancient civilizations. The famous Code of
Hammurabi, dating from 1754 BCE, provides a detailed insight into how violence was viewed and controlled.
It formalized retributive justice with its principle of lex talionis—the law of retaliation, or "an eye for an
eye" [54, 55].

Figure 3.2.: The Hammurabi Codex[8].

In ancient Rome, violence within the family was a domain of the paterfamilias, the male head of the
household. Roman law granted him significant authority over his family members, including the use of
physical force in cases where honor, discipline, or familial duty was at stake[56]. The Twelve Tables, the
early code of Roman law, formalized many of these practices, outlining permissible forms of punishment and
the legal consequences of violent actions[57].

Figure 3.3.: Augustus as the paterfamilias of the royal family [9].
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3.1.2. Power Dynamics and Gendered Violence

In many ancient societies, violence was an essential mechanism for asserting dominance, both in personal
relationships and on the broader political stage. From duels between warriors to the enforcement of royal
decrees, violence functioned as a tool for maintaining power and authority. Ancient texts often depict rulers
or heroes using violence to reaffirm their social status or control subordinates.
In The Iliad, the conflicts between Achilles, Agamemnon, and Hector are not just about individual grievances
but about power struggles and maintaining dominance among warriors. Violence here is portrayed as a
method of asserting superiority and ensuring one’s place in the hierarchy. Similarly, in Roman history,
figures such as Julius Caesar and Augustus used political violence as a means to consolidate power and
neutralize rivals[58].

Figure 3.4.: The death of Julius Caesar as depicted by the neoclassic painter Vincenzo Camuccini[10].

Moreover, violence wasn’t always physical. Threats of violence or punitive measures were employed by kings
and rulers to keep their subjects in line. For example, in the ancient Near East, the Assyrian kings famously
used the threat of extreme violence—such as mutilation or public executions—as a psychological tool to
suppress rebellion and assert their dominion[59].
Interpersonal violence between genders in ancient societies often reflected deep-seated power imbalances.
Ancient texts frequently depicted men using violence to control or subjugate women, reflecting the patriarchal
structures of these societies[60]. This form of gendered violence not only maintained social hierarchies but
also reinforced ideas of masculinity and femininity.
In Greek mythology, many stories depict male gods exerting violence against female characters. For instance,
the abduction and rape of Persephone by Hades, or Zeus’s repeated assaults on women, reflect a social order
in which male dominance and the use of violence were normalized. Similarly, in Roman literature, stories of
women like Lucretia, who committed suicide after being raped, underscore how violence was a tool not only
for enforcing male dominance but also for defining the boundaries of female virtue and honor[61].
The legal frameworks of ancient societies also codified this gender imbalance. Roman law (as previously
mentioned) granted the paterfamilias the authority to exercise physical punishment on female family mem-
bers, reinforcing the subjugation of women within the family. These violent dynamics were not limited to
personal relationships but were deeply embedded in social and political structures.

3.1.3. Patterns of Conflict Resolution in Ancient Texts

In ancient societies, conflict resolution often took a variety of forms, ranging from violent confrontations to
non-violent settlements. One common form of conflict resolution was through physical violence, including
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duels or battles, as seen in many epic tales such as the Iliad and The Odyssey.
However, non-violent forms of conflict resolution were also prominent. In certain societies, compensation or
reparations were preferred over direct violence. The wergild system[62] in early Germanic law, for instance,
allowed for financial compensation for injuries or deaths, as an alternative to blood feuds. In other cases,
legal systems formalized conflict resolution through courts and legal processes, such as the Gortyn Code of
ancient Crete[63], which regulated personal disputes and prescribed fines for certain acts of violence.

Figure 3.5.: A murder and subsequent Wergild payment. From the Heidelberger Sachsenspiegel[11].

Mediation and diplomacy played critical roles in resolving interpersonal and societal conflicts in ancient texts.
Mediators were often key figures such as kings, gods, or community elders, who sought to restore peace
by intervening in disputes. In The Epic of Gilgamesh[64], for instance, the conflict between Gilgamesh and
Enkidu is resolved through divine intervention, which leads to their friendship and subsequent adventures.
This shows that mediation, even when involving supernatural forces, was a crucial way to defuse interpersonal
tensions.
In The Odyssey, Odysseus[65] often uses diplomacy rather than violence to navigate his way home, whether
dealing with hostile forces or competing suitors for Penelope’s hand. These examples demonstrate how
ancient texts valorized not only the warrior but also the diplomat, illustrating the importance of wise counsel
and negotiation as tools of conflict resolution.
Diplomacy was equally important in political contexts. Ancient kings and rulers often used marriage alliances,
treaties, and negotiations to resolve potential conflicts or avert war. The famous peace treaty between the
Hittites and the Egyptians following the Battle of Kadesh (around 1259 BCE) is one of the earliest recorded
diplomatic resolutions in history[66], setting a precedent for formal peace agreements.

3.1.4. Psychological and Emotional Drivers Behind Violence

The portrayal of violence in ancient texts is not just about physical conflict but also about the deep
psychological forces that drive individuals to commit violent acts. Ancient authors often used violent
interactions to explore the emotional struggles of their characters. Common psychological drivers include
anger, jealousy, fear, and pride, which are reflected in both personal and societal conflicts.
In The Iliad, Achilles’ rage is not just a reaction to an external slight but a profound emotional wound tied
to his sense of honor and identity. This connection between personal honor and violent response was a
central part of the warrior ethos in many ancient cultures. Achilles’ refusal to fight after being dishonored
by Agamemnon and his subsequent violent outbursts against Hector after the death of Patroclus illustrate
how ancient texts often framed violence as a manifestation of deep psychological and emotional turmoil[67].
Furthermore, The Oresteia[68] explores the psychological complexity of vengeance. Clytemnestra’s murder
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of Agamemnon is motivated not only by political considerations but also by her grief over the death of their
daughter Iphigenia, which Agamemnon sanctioned. In her, we see how personal loss and emotional pain
drive violent actions. The connection between psychological states and violence can also be seen in ancient
Roman texts. In works like Seneca’s Phaedra[69], the destructive nature of unrequited love and forbidden
desire drives the titular character toward violent consequences. Phaedra’s lust for her stepson, Hippolytus,
leads to a chain of events resulting in his death.
Beyond personal identity, violence was also tied to one’s place in the social hierarchy. For example, the Roman
practice of damnatio memoriae[70] where the state sought to erase the memory of someone condemned for
treason—was itself an act of symbolic violence, showing how state-sanctioned violence could erase not only
lives but also legacies. This reflects how violence was wielded not only as a tool for personal vengeance but
also for controlling memory and identity at the societal level.
Vengeance was not just a personal motivation but also a societal expectation in many ancient cultures.
Vengeful violence often led to cycles of retaliation, which were difficult to break. These cycles are most
prominently explored in Greek tragedies, where violent acts demand further retribution, creating an endless
loop of violence[71].
For example, in the Roman world, revenge killings often escalated into full-scale political conflicts. The
assassination of Julius Caesar, motivated by personal and political betrayals, sparked a series of retaliations
that plunged Rome into civil war[72].
Similary, in The Oresteia, the murder of Agamemnon by Clytemnestra leads to the revenge killing of
Clytemnestra by her son, Orestes. This cycle of vengeance reflects a broader societal belief that violence
must be met with violence to restore honor and balance. However, the conclusion of the trilogy, where
Athena intervenes to establish the rule of law and bring an end to the bloodshed[73], marks a critical
moment in ancient thought, which is the recognition of the need for judicial mechanisms to break these
destructive cycles.
In many ancient texts, cycles of vengeance are not just human constructs but are intertwined with the idea
of fate or divine will. In Greek tragedies, violent acts are often seen as inevitable, driven by the gods or by
the inescapable force of fate. In Oedipus Rex[74], for instance, Oedipus’ violent actions—killing his father
and marrying his mother—are fated, and his attempts to avoid this destiny only lead to its fulfillment. This
interplay between human emotion, psychological motivation, and the belief in an inexorable fate complicates
the narrative of violence, making it both a personal and cosmic force. In Roman texts, too, the concept of
fatum (fate) plays a role in justifying cycles of vengeance. For example, in Virgil’s Aeneid, Aeneas’ violent
actions are portrayed as divinely ordained, part of his destiny to found Rome[75]. Here, violence is not
merely the result of human emotion but a necessary step in fulfilling a greater destiny.
In some ancient texts, violence is used to symbolize internal struggles, where characters wrestle with con-
flicting desires, duties, and emotions. The violent actions they commit reflect the chaos and conflict within
themselves. This theme is especially prominent in tragedies, where characters are often torn between their
desires and their obligations to society or the gods. In Euripides’ Medea, Medea’s violent murder of her
children is both an act of vengeance against her unfaithful husband, Jason, and a reflection of her own
internal torment[76]. Medea’s conflict between her love for her children and her desire to hurt Jason leads
her to commit an unspeakable act of violence, symbolizing the tragic consequences of unresolved inner
conflict.

3.1.5. Historical Realities and humanizing Figures through Violence

In many ancient texts, interpersonal violence is not simply a literary or mythological device; it often reflects
real historical events and social realities. Violent acts described in historical texts provide valuable insights
into the lived experiences of individuals in ancient societies. Whether in the form of political assassinations,
military conflicts, or familial disputes, violence in these texts often serves as a window into the power
dynamics, social norms, and cultural values of the time.
For example, the assassination of Julius Caesar, detailed in historical accounts such as those by Suetonius
and Plutarch, illustrates how political violence was both a method of power consolidation and a reflection
of personal betrayal. This event, steeped in personal and political motives, marked a pivotal moment in
Roman history, triggering the fall of the Roman Republic and the rise of the Empire[77]. Similarly, the
writings of Herodotus and Thucydides recount various acts of interpersonal violence in the context of war
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and politics[78], giving historians valuable records of how violence was used to shape political landscapes in
the ancient world.
Interpersonal violence in ancient historical texts often provides a direct link to real historical events. These
violent acts were sometimes highly publicized, both as political statements and as records of power struggles.
In this way, violence serves not only as a narrative device but also as a record of social realities, giving
historians concrete examples of how disputes were settled through violent means. Therefore serving as a
tool for humanize larger-than-life historical figures, allowing readers to engage with their personal flaws,
emotional states, and interpersonal relationships. While many ancient figures are depicted as god-like or
heroic, acts of violence can expose their vulnerabilities and bring them down to a more human level.
For example, Julius Caesar’s assassination was not just a political event but also a personal betrayal.
Accounts by ancient historians such as Suetonius and Cassius Dio emphasize how the violence of the assas-
sination reveals personal rivalries and conflicting ambitions within the Roman elite[79, 80]. This portrayal of
Caesar as a victim of interpersonal violence adds depth to his character, showing him not only as a powerful
leader but also as a man whose downfall was rooted in personal enmity.
Similarly, in the case of Alexander the Great, the violence that marked his rise to power—his execution of
rivals and commanders, his bloody military campaigns—gives us insight into his personality and the pressures
of leadership. Ancient biographers like Arrian and Plutarch describe moments of intense interpersonal
violence that Alexander himself perpetrated or ordered[81]. These acts of violence humanize him, revealing
the darker, more emotional sides of a leader often revered for his genius. His famous murder of Cleitus the
Black, one of his closest friends, during a drunken rage shows the fragility of even the greatest of leaders in
the face of personal conflict.
This ability of violence to humanize historical figures is also evident in the case of Roman emperors such
as Nero or Caligula, where acts of interpersonal violence, often driven by paranoia or vengeance, reflect the
emotional and psychological turmoil of these rulers[82, 83].

Figure 3.6.: The death of emperor Caligula at the hands of the Praetorian[12].

Ancient texts demonstrate how violence could make or break a leader’s legacy, providing historians with
invaluable insights into how ancient societies understood leadership, power, and reputation. The portrayal
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of violence in these texts also allows modern readers to connect with the emotional and psychological
dimensions of historical figures, adding layers of complexity to their legacies.

3.2. The Importance of Detecting Violence in Ancient Texts

The study of violence in ancient texts is not merely an exercise in historical curiosity—it plays a crucial
role in helping scholars understand the complex societal structures, evolving legal frameworks, and human
relationships of past civilizations. researchers can gain insights into how ancient societies functioned, how
they dealt with conflict, and how these insights can inform contemporary legal and sociological studies

3.2.1. Understanding Societal Structures and Evolution

One of the key reasons for detecting violence in ancient texts is to understand the societal structures
and hierarchies of past civilizations. Violence often reflects the underlying power dynamics, social norms,
and legal systems that governed ancient societies. For example, interpersonal violence depicted in The
Iliad shows how honor and power were central to the warrior ethos in Greek society. Similarly, Roman
law codified interpersonal violence through strict legal frameworks that regulated duels, punishments, and
vengeance killings. Violence in texts such as Hammurabi’s Code or the Twelve Tables provides evidence of
how early legal systems sought to control personal disputes and maintain societal order[84]. Moreover, it
helps to illuminate how these ancient systems contributed to the foundation of modern legal and political
institutions, showing a continuous evolution from violent retribution to more formalized legal processes.
Identifying these elements allows researchers to trace the evolution of societal norms and structures over
time.

3.2.2. Contributing to Comparative Historical Studies

Violence in ancient texts offers valuable material for comparative historical studies. scholars can make cross-
cultural comparisons that highlight both universal human experiences and unique societal characteristics by
alyzing how different ancient civilizations handled interpersonal violence.
For instance, comparing the depiction of violence in ancient Greek literature with texts from ancient China
or Mesopotamia reveals both similarities and differences in how societies dealt with conflict[85]. While
some cultures placed a heavy emphasis on personal honor and revenge, others developed early systems
of compensation or legal adjudication to mitigate cycles of violence. These comparisons are essential for
understanding the diversity of human responses to violence, helping historians and anthropologists identify
patterns in the development of conflict resolution and legal systems.
Such cross-cultural studies also provide a broader perspective on human history, showing how violence—and
the attempts to control or resolve it—shaped the development of societies across the world. Comparative
studies can also shed light on modern issues, helping to contextualize contemporary conflicts through an
understanding of how ancient societies evolved from violent to non-violent methods of conflict resolution.[86]

3.2.3. Informing Modern Concepts of Violence and Law

Ancient texts provide the foundational material for many modern legal and philosophical concepts of violence,
justice, and personal rights. Researchers can trace the development of modern legal frameworks that regulate
personal conflict by detecting and analyzing violence in these texts.
The lex talionis ("an eye for an eye") principle from Hammurabi’s Code laid the groundwork for retributive
justice systems that still influence legal systems today. Similarly, Roman law, which regulated familial and
societal violence, has contributed to modern notions of crime, punishment, and personal rights[87]. The
paterfamilias concept, which granted male heads of households significant control over family members,
reflects early legal structures that echo in modern discussions about family law and authority.
Moreover, these ancient legal codes and narratives about violence provide context for ongoing debates
about the ethics of violence, retribution, and justice in modern legal systems[88]. Scholars who study
ancient texts are better able to understand the roots of these issues, offering historical insights that can
inform contemporary policy-making and legal reforms[89].

21



CHAPTER 3. ANCIENT VIOLENCE FROM A HISTORICAL AND COMPUTATIONAL PERSPECTIVE

3.3. Ancient Historical Databases

In the modern study of ancient texts, digital tools and datasets have become invaluable resources for
researchers seeking to analyze themes like violence. In this thesis, we focus on two key datasets that play a
significant role in the computational analysis of ancient texts, Perseus and ERIS. These platforms provide
access to vast collections of ancient literature and historical documents, allowing researchers to study them
thoroughly, analyze the texts and also use techniques to detect patterns of violence and extract knowledge
from such databases.

3.3.1. Perseus

The Perseus Digital Library[90] is one of the most comprehensive and widely used resources for the study of
ancient texts. Developed by Tufts University, Perseus contains a large corpus of Greek and Roman literature,
including works from authors such as Homer, Sophocles, and Cicero. It also includes English translations
and various linguistic annotations, making it a versatile tool for scholars from different disciplines.
Since its inception, Perseus has contributed to the fields of classics, philology, and history by making
previously inaccessible texts readily available for analysis. It has also played a pivotal role in the advancement
of digital humanities, serving as a model for other digital text projects.
Perseus offers several features that make it particularly valuable for the study of violence in ancient texts:

• It provides morphological and syntactic analyses of ancient Greek and Latin texts.

• The library allows users to annotate texts and apply computational tools to identify recurring themes.

• As an open-access resource, Perseus is widely available and supports integration with other tools,
including machine learning models. Researchers already used Perseus to develop a deep neural network
model that recovers missing characters from damaged text [91] and to train a Latin version of BERT
[92].

Figure 3.7.: Perseus homepage interface[13].

The Perseus library has faced criticism for its ergonomic, accessibility and and usability issues[93, 94]. The
layout of the website is often seen as unintuitive, making it difficult for new users to navigate the resources
effectively.

3.3.2. ERIS

ERIS (Hamburg Information System on Greek and Roman Violence) is a project developed since 2012 at
the University of Hamburg by Werner Rieß and Michael Zerjadtke[95], aimed at providing a comprehensive,

22



3.3. ANCIENT HISTORICAL DATABASES

searchable database focused on the depiction of violence in ancient Greek and Roman texts. The system is
built on the MyCore platform and serves as a repository for all descriptions of violence found in the works
of Greek and Latin authors, annotated with sociological and contextual information to facilitate in-depth
research.
The primary aim of ERIS is to offer researchers a detailed and accessible way to explore interpersonal violence
across a wide variety of ancient texts. While violence is ubiquitous in Greek and Roman culture, overarching
structures and patterns of violent behavior are often difficult to discern. ERIS addresses this challenge by
systematically collecting and annotating texts that describe violent acts, allowing users to search for violence
by various criteria, including context, motivation, and outcomes. The user can choose to search for conflicts,
persons, groups, authors, works, topologies or even plain English, latin or greek text.
ERIS also tackles the challenge of modeling violence in ancient societies by simplifying complex social
processes while maintaining scholarly depth. The system’s annotation allows users to search not only for
basic information like the author and chronological setting of the work but also for characteristics of violent
acts such as context, motives, geographical locations, and socio-economic status of the involved parties.
This allows for a multi-dimensional understanding of the consequences of violence, ranging from immediate
reactions to long-term effects of the events.

Figure 3.8.: Map search functionality in the ERIS website.

Key features:

• ERIS annotates acts of violence based on multiple sociological factors, such as the context of the
act, motives, geographical location, and the socio-economic status and age of the perpetrators and
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Figure 3.9.: Corresponding result for Figure 3.8.

victims. This level of detail enables targeted searches, providing users with insights into the broader
social and historical implications of violent acts.

• The system links violent acts with related factors, such as legislative reactions, immediate conse-
quences, and broader societal impacts, helping researchers trace how violence was perceived and
managed in different historical periods.

• ERIS does not just record physical acts of violence but also considers the legal and social responses to
these acts, including legislative measures and changes in societal attitudes. This helps contextualize
the role of violence within ancient societies.

• The platform allows for both simple and advanced searches. Users can search for violence within
specific regions (using integrated maps), by time period, and by type of violence (e.g., familial,
political, or martial). There is also a sophisticated search feature that enables more granular filtering,
including by the social status or ethnicity of the perpetrators and victims.

• ERIS offers source texts in both the original Greek or Latin and in English translation, making it
accessible to a wider audience, including those outside of classical philology.

In addition to these features, ERIS provides new digital ways of analyzing, visualizing, and representing
data about violence in antiquity.Combining text analysis with geospatial tools allows for innovative studies
of violence from a socio-political and regional perspective, making it easier to understand how violence
evolved, was curtailed, or escalated in specific regions over time.

Figure 3.10.: An example of a violent text with its text analysis.

The system is designed to support scholars from different interdisciplinary research areas. Being an open-
access model and its comprehensive scope, It has the potential to bring the study of violence in antiquity
into broader academic and public discourse. Thus contributing to the understanding of how violence shaped
communities, affected power dynamics and legal frameworks. Furthermore, it provides a valuable resource
for comparing ancient and modern responses to violence.
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3.4. Challenges of Semantic Annotation and Categorization in
Ancient Texts

One of the most significant challenges in studying violence in ancient texts is the difficulty of accurately
annotating and categorizing violent acts. In texts from Greek, Roman, and other ancient civilizations,
violence can be depicted explicitly through direct physical actions or implicitly through metaphorical or
symbolic language. Identifying and labeling these instances of violence is essential for extracting meaningful
insights about societal structures, power dynamics, and legal frameworks, but the process is fraught with
challenges.

3.4.1. Implicit and Symbolic Violence in Language

Ancient texts often embed violent acts within complex cultural and narrative frameworks. Violence might
be implied through symbolic gestures, metaphors, or allusions that require deep cultural and contextual
understanding to interpret. For example, in Greek tragedies, violence is often described obliquely, taking
place offstage, or represented symbolically through language that conveys emotional or psychological harm
rather than physical injury.

This presents a significant challenge when creating a digital humanities database, where the goal is to cat-
egorize acts of violence across a wide range of texts. How do we define violence? Does it include only
physical harm, or do psychological, emotional, and symbolic representations also qualify?

To illustrate these challenges, we present two examples from our experiment using texts from Perseus:

"Before this, none had ventured there. But now they burst into an unravaged and inviolate
land, and burned and plundered as far as the river and the city."

— Plutarch, Agesilaus 31

Correct Classification: Non-Violent

Explanation: While the passage describes actions like burning and plundering, which may seem violent, our
classification criteria exclude damage to property (including fires in buildings) from being labeled as violent.
Therefore, despite the aggressive actions described, this passage is classified as non-violent according to our
definitions.

The second example demonstrates how context and subsequent events influence the classification:

"Cleitus sprang to his feet and said, ’It was this cowardice of mine, however, that saved thy life,
god-born as thou art, when thou wast already turning thy back upon the spear of Spithridates;
and it is by the blood of Macedonians, and by these wounds, that thou art become so great as
to disown Philip and make thyself son to Ammon.’"

— Plutarch, Alexander 50

Correct Classification: Violent

Explanation: Although Cleitus’ words may not depict physical violence directly, the passage is loaded with
aggressive confrontation and personal accusations. Cleitus reminds Alexander of his previous cowardice and
criticizes his abandonment of Macedonian roots. This intense verbal altercation escalates the situation,
leading to Alexander’s enraged response, which ultimately results in him fatally stabbing Cleitus during the
banquet. The underlying tension and the fatal outcome classify this passage as violent.

These examples highlight the complexities of classifying violence in ancient texts. Actions that may appear
violent on the surface may not meet the criteria for violence in our classification system, while passages that
seem non-violent may lead to violent outcomes due to contextual factors. This underscores the importance
of cultural and narrative context in accurately identifying and categorizing violent events.
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3.4.2. Labor-Intensive Nature of Manual Annotation

Another substantial challenge is the sheer amount of labor required to manually annotate violent acts in
ancient texts. Annotating just one chapter of a historical book can take months due to the need to carefully
read and interpret the text, ensuring that each violent act—explicit or implicit—is correctly identified and
categorized.

The process involves multiple layers of analysis:

• Identifying the context in which violence occurs (e.g., personal conflict, war, or ritual).

• Understanding the motives behind the violence (e.g., revenge, self-defense, power assertion).

• Recognizing the social and legal consequences of the violence (e.g., retribution, punishment, societal
shifts).

This requires not only expertise in ancient languages and cultures but also an understanding of the socio-
political frameworks in which these texts were produced. Due to the specialized knowledge required and the
laborious nature of the work, annotating even a small corpus of texts can take an extensive amount of time.

3.4.3. Automating the Process with Large Language Models

Given the complexity and labor-intensive nature of semantic annotation, automating this process using large
language models (LLMs) offers an exciting solution. By fine-tuning LLMs specifically on ancient texts, we
can train them to detect both explicit and implicit instances of violence, reducing the manual effort required
for annotation.
Large language models like BERT, GPT, and other transformer-based models have shown remarkable ability
in understanding context and nuance in modern language[96]. Fine-tuning these models could allow them
to recognize not only the explicit descriptions of violence but also the subtler, symbolic representations that
might be missed in a simple keyword-based search.
For example, if a passage in an ancient text describes a character “offering sacrifice,” a well-trained model
could determine whether the act involves violence or represents a symbolic gesture based on the context of
the narrative and broader cultural patterns.
Therefore, LLMs can learn to differentiate between descriptions of violence that are literal versus those that
are metaphorical or part of a ritual practice. The model could also flag ambiguous cases for human review,
ensuring the human element is still within the loop and contributing in classifying those odd cases.

3.4.4. Why Automation is Crucial

Automating the annotation process not only speeds up the time required to create digital humanitarian
libraries but also opens up new avenues of research. LLMs can detect patterns and relationships between
violent acts that might go unnoticed in manual analysis by processing large volumes of text in a fraction of
the time it would take a human.
Automating the annotation process would significantly expand the corpus of texts available for study, allowing
for more extensive and nuanced analyses of violence in the ancient world. This approach could facilitate
the inclusion of a broader range of works, including those from different and even more recent time periods,
offering deeper insights into how violence shaped societies across history. this would allow researchers to
gain a more comprehensive understanding of the cultural, social, and political roles violence has played
throughout human civilization.

3.4.5. Remaining Challenges of Automation

While the potential benefits of automation are clear, there are still challenges in training large language
models to handle ancient texts effectively:

• Limited Training Data: The available annotated corpora of ancient texts are much smaller compared
to those in modern languages, which could slightly limit the effectiveness of model training.

26



3.4. CHALLENGES OF SEMANTIC ANNOTATION AND CATEGORIZATION IN ANCIENT TEXTS

• Cultural and Contextual Nuances: Ancient texts are often deeply tied to specific cultural contexts
that may be difficult for a machine learning model to fully grasp. Fine-tuning LLMs to understand
these contexts will require careful calibration and, likely, ongoing human oversight.

• Balancing Automation and Manual Review: Even with advanced LLMs, there will always be cases
where human expertise is needed to interpret subtle or ambiguous instances of violence. The goal of
automation is not to replace human scholars but to complement and enhance their work.
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4. Violence Detection Using Large Language
Models

The previous chapters have provided the necessary background and context for the experiments conducted
in this research. In the following two chapters, we will focus on the methodology, experimental setup, and
results of the experiments.

This chapter presents the first of our two experiments: Violence Detection Using Large Language Mod-
els. We provide an overview of the methodology, dataset, and models employed, describe the experimental
setup in detail, present the results, and conclude with a discussion of the findings and their implications. A
GitHub repository with code and data is provided in Appendix A

4.1. Methodology and Experimental Setup

There are several key components for our methodology in both experiments, including the dataset prepara-
tion, model selection, training and evaluation setup, and criteria for violence detection.

4.1.1. Overview

The primary goal of this experiment is to detect instances of violence in ancient texts using fine-tuned large
language models (LLMs). Previous works have demonstrated the superiority of LLMs in various classification
tasks, such as sentiment analysis [97], text classification [98], and natural language interfaces [99]. A recent
survey by Chang et al. provides a comprehensive evaluation of LLMs across different tasks [100].
Detecting violent instances in ancient texts presents unique challenges due to the implicit and symbolic
nature of violence in historical narratives. Even human annotators often struggle to accurately identify these
subtleties. To address this complexity, we employ a multi-step approach that leverages pre-trained LLMs,
fine-tuning them on domain-specific historical data to improve detection accuracy.

4.1.2. Dataset Preparation

Sri Gowry Sritharan [101] reconstructed the ERIS entries (presented in Chapter 3) by mapping them back to
their original chapters and paragraphs in Perseus. For each ERIS-labeled violent passage, Sritharan retrieved
the full sections from which these excerpts were derived. Any paragraph not explicitly marked as violent in
ERIS was treated as non-violent, forming the negative examples for the dataset.
This approach enabled us to compile a balanced dataset consisting of both violent and non-violent entries.
However, it is important to acknowledge some limitations in this process. Since the non-violent class was
defined by assuming any text not explicitly labeled in ERIS as non-violent, there is a risk of misclassification.
For instance, if the original annotators missed labeling a violent passage, it would have been inadvertently
included in the non-violent category. Despite this limitation, the method was efficient for generating a large
enough dataset for training our models.
After receiving the dataset compiled by Sritharan, we performed additional data cleaning to remove duplicates
and incomplete entries. This final refinement resulted in a dataset of 2,564 texts, with both violent and
non-violent classifications. This dataset served as the foundation for training our models to automate the
detection of violence in ancient texts.
A snippit of the data is shown on Figure 4.1.
To extend and leverage the data further, we performed data augmentation to enhance the dataset using a
synonym replacement technique. The process is detailed below:
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Figure 4.1.: A snippit of the cleaned Sritharan data.

• Library Imports: We imported necessary libraries such as pandas for data manipulation, transformers
to utilize a pre-trained BERT model, and tqdm for progress visualization.

• Dataset Loading: The dataset was read from a CSV file.

• Pipeline Initialization: A fill-mask pipeline was created using the base BERT model to generate
synonyms for words in the text.

• Synonym Replacement Function: We defined a function, called

replace_with_synonym, which splits text into words and replaces selected words with their top
predicted synonyms. The first prediction from the BERT model is used for replacement.

• New Entry Generation: For each row in the original dataset, three new entries were created by
invoking the synonym replacement function. The results were stored in a new list.

• Data Concatenation: The original dataset was combined with the newly generated entries to form
an augmented dataset.

• Saving the Augmented Data: Finally, the augmented dataset was saved to a new CSV file.

This approach effectively quadruples our dataset, providing a richer foundation for training and testing.

4.1.3. Model Selection and Fine-tuning

For this experiment, we employed two distinct approaches. The first involved fine-tuning LLMs on our
dataset, while the second utilized the ChatGPT API to classify sentences and compare the results. For the
fine-tuning approach, we selected BERT and RoBERTa Large. Due to technical constraints, we were unable
to use models larger than RoBERTa Large, which contains over 300 million parameters.
The models were fine-tuned using the labeled Perseus dataset, as mentioned in 4.1.2. We followed a standard
fine-tuning procedure, where 80% of the dataset was used for training, and the remaining 20% was reserved
for testing. This split allowed us to evaluate the model’s performance on unseen data.
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4.1.4. Evaluation Metrics and the Importance of the F1 Score

To assess the performance of the models, we used several evaluation metrics, including precision, recall, F1
score, and accuracy. These metrics allowed us to evaluate both the accuracy of violence detection and the
model’s ability to minimize false positives and false negatives.
Consider a binary classification problem with the following outcomes:

• True Positives (TP): Correctly predicted positive instances.

• False Positives (FP): Negative instances incorrectly predicted as positive.

• False Negatives (FN): Positive instances incorrectly predicted as negative.

• True Negatives (TN): Correctly predicted negative instances.

The key metrics are defined as follows:

1. Precision (P ):

P =
TP

TP + FP
(4.1)

Precision measures the proportion of positive predictions that are correct.

2. Recall (R):

R =
TP

TP + FN
(4.2)

Recall measures the proportion of actual positives that are correctly identified.

3. F1 Score (F1):

F1 = 2× P ×R

P +R
(4.3)

The F1 score is the harmonic mean of precision and recall.

In the discussion section, we discuss why this evaluation metric is superior to only picking only precision or
recall.

4.2. Results

Here, we present the results for the violence detection experiment, compare it with chatgpt API and also
test with some custom-created examples. Further results will also be included in Appendix B.

4.2.1. BERT Model with No Fine-Tuning

Before presenting our results for the fine-tuned models, it is worth exploring how the BERT model performs
when applied to the dataset without any fine-tuning. This baseline approach allows us to evaluate the
model’s behavior based purely on pre-training and to observe its raw performance on violence detection.
For this experiment, we used BERT-large and tested it on 20% of the dataset and the whole dataset. The
results for the whole dataset are presented in Table 4.1. The rest of the results are shown in Appendix B.

Precision Recall F1-Score Support

Non-Violent 0.53 0.01 0.01 2013
Violent 0.17 0.98 0.30 416

Overall 0.20 0.98 0.30 2564
Macro Avg 0.35 0.49 0.16 2564
Weighted Avg 0.46 0.18 0.06 2564
Accuracy 0.18

Table 4.1.: Results for BERT Large without Fine-Tuning
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Figure 4.2.: Confusion Matrix for BERT Large without Fine-Tuning

From Table 4.1 and Figure 4.2, it is evident that the pre-trained BERT model tends to classify most
sentences as violent, irrespective of whether the violence is implicit or explicit. This behavior leads to the
misclassification of the majority of non-violent sentences.These results are expected, as the BERT model
has not been fine-tuned for violence detection in historical texts. The pre-trained model is not specialized
for this domain, which leads to the poor performance observed in the classification of non-violent sentences.
This baseline reinforces the importance of fine-tuning the model to the specific task.

The importance of reporting both precision and recall becomes clear in this case. While precision for non-
violent sentences seems relatively high, it is misleading because it captures only a small fraction of the true
non-violent cases, likely by chance. The recall for non-violent sentences is extremely low, indicating the
model’s inability to correctly identify non-violent instances. This imbalance demonstrates how the model
struggles without fine-tuning, and underscores the necessity of adjusting the model to the specific task at
hand.

4.2.2. RoBERTa Large Model

In this section, we present results for the RoBERTa Large model in Table 4.2
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Precision Recall F1-Score Support

Non-Violent 0.95 0.96 0.96 371
Violent 0.89 0.86 0.87 129

Overall 0.89 0.86 0.87 500
Macro Avg 0.92 0.91 0.92 500
Weighted Avg 0.94 0.94 0.94 500
Accuracy 0.94

Table 4.2.: Results for RoBERTA Large

Figure 4.3.: Confusion Matrix for the RoBERTa Large model

Figure 4.4.: ROC curve for the RoBERTa Large model
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4.2.3. RoBERTA Large Model with Augmentation

As explained earlier in data augmentation, we extended the data by performing data augmentation. Here,
we provide the results for this approach in Table 4.3:

Precision Recall F1-Score Support

Non-Violent 1.00 0.99 0.99 1714
Violent 0.95 0.98 0.96 338

Overall 0.9538 0.9763 0.9649 2052
Macro Avg 0.97 0.98 0.98 2052
Weighted Avg 0.99 0.99 0.99 2052
Accuracy 0.9883

Table 4.3.: Results for RoBERTA Large with Augmentation

Figure 4.5.: Confusion Matrix for the RoBERTa Large model with augmentation

As we can see, the augmented model provided the best results. It also provided good results when applied
to some custom-created data (shown in Appendix B). Data augmentation played a significant role in
boosting the performance of the RoBERTa model, as it allowed the model to be exposed to a wider variety
of violent and non-violent examples. By increasing the dataset size, the model could generalize better to
unseen examples, which is reflected in the higher precision and recall for both classes.

4.2.4. Using chatGPT API for Violence Detection

OpenAI offers users the chance to use a chatGPT API that can be included in code and perform tasks
that chatGPT can perform[102]. Mainly, we use the GPT 4o-mini[103] to classify sentences to violent or
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non-violent and then we check the results
In this part of the experiment, we employed the GPT-4o mini model from OpenAI to classify historical
sentences as either violent or non-violent. The goal of this approach was to test the generalization capability
of a large pre-trained language model without any fine-tuning on our specific dataset. By leveraging the
GPT-4 API, we aimed to evaluate how well the model could detect violence in ancient texts using only its
pre-trained knowledge and a carefully crafted prompt.

Setup and Approach The GPT-4o mini model was accessed through the OpenAI API. To guide the model
in classifying sentences, we provided a set of examples featuring both violent and non-violent sentences from
historical texts. These examples, designed to reflect the complexity of violence in ancient narratives, included
explicit acts of violence such as battles and executions, alongside non-violent descriptions of cultural or daily
life.
To ensure the model understood the nuances of classifying violence in historical texts, we crafted a detailed
prompt. The prompt clearly outlined the criteria for classifying sentences and addressed potential ambiguities
around symbolic, verbal, or indirect forms of violence. The full prompt used in the experiment is provided
below:

You are a historian that classifies historical texts into violent or non-violent based on the provided
examples. Respond with only [VIOLENT] or [NON-VIOLENT] for each classification.

The following principles apply to the classification of violent acts:

• Arrests of people and banishments are initially recorded as acts of violence and discussed
with the team before being activated.

• Fictional narratives, such as the conquest of Troy, are included.

• Establishment of colonies, verbal violence (insults), and damage to property (including
fires in buildings, etc.) are excluded.

Your task is to classify each passage based on the criteria above. Classify an instance as
[VIOLENT] if it involves physical harm, threats, or coercion; classify it as [NON-VIOLENT]
if it describes cultural practices, speeches, or symbolic gestures.

In addition to this prompt, a few-shot learning approach was also done by providing the model with few
examples and their classification. This extended prompt was designed to provide the model with clear,
unambiguous guidance on what constitutes violent versus non-violent acts in historical contexts. This
ensures the model will be consistent during classification. We tested the data on our specified test set to
compare it with BERT and RoBERTa and also on the whole data to measure the performance across all
available texts. The results are shown in Table 4.4 and Table 4.5 and the corresponding confusion matrices
in Figure 4.6 and Figure 4.7

Precision Recall F1-Score Support

Non-Violent 0.91 0.88 0.89 371
Violent 0.69 0.74 0.71 129

Overall 0.6857 0.7442 0.7138 500
Macro Avg 0.80 0.81 0.80 500
Weighted Avg 0.85 0.85 0.85 500
Accuracy 0.8460

Table 4.4.: Results for GPT 4o-mini on the test set
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Figure 4.6.: Confusion Matrix for chatGPT 4-o API on the test set

Precision Recall F1-Score Support

Non-Violent 0.94 0.86 0.90 2103
Violent 0.54 0.75 0.62 461

Overall 0.5365 0.7484 0.6250 2564
Macro Avg 0.74 0.80 0.76 2564
Weighted Avg 0.87 0.84 0.85 2564
Accuracy 0.8385

Table 4.5.: Results for GPT 4o-mini on all data
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Figure 4.7.: Confusion Matrix for chatGPT 4-o API on all data

One key observation is that while GPT-4o-mini performed reasonably well in detecting violent sentences, it
did not surpass the fine-tuned models in overall performance. The GPT-4o-mini model particularly struggled
with identifying non-violent instances, misclassifying a higher number of these cases compared to the fine-
tuned models. This discrepancy likely arises from the fact that GPT-4o-mini is a general-purpose model,
lacking exposure to the specific nuances of ancient texts and the implicit forms of violence often embedded
within them.
The fine-tuned models, having been trained on domain-specific data, were better equipped to handle these
subtleties. This highlights the importance of domain adaptation in tasks like violence detection in historical
texts, where context and nuance play a critical role. A deeper analysis of these findings will be explored in
the subsequent discussion section.

4.3. Discussion

In this section, we start by explaining why reporting both precision and recall is superior to only reporting
one of them. We also discuss the performance of the models in detecting violence in ancient texts and
analyze the strengths, limitations, and key insights from our experiments. Additionally, we compare the
results of the fine-tuned models with the performance of the GPT-4o-mini model.

4.3.1. Why F1 score is superior

Recalling from Equation 4.3 that

F1 = 2× P ×R

P +R
The harmonic mean in the F1 score is sensitive to disparities between precision and recall. Mathematically:

F1 =
2PR

P +R
=

2
1
P + 1

R

(4.4)
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This property ensures that the F1 score is low if either precision or recall is low, this would reflect the model’s
overall performance accurately.

Why F1 Score is Superior Reporting all three metrics—precision, recall, and F1 score—provides a
comprehensive understanding of the model’s performance because precision and recall capture different
types of errors:

• Precision focuses on the correctness of positive predictions, reducing false positives.

• Recall emphasizes the model’s ability to identify all positive instances, reducing false negatives.

A high precision with low recall indicates that while the model’s positive predictions are generally correct,
it misses many actual positives. Conversely, high recall with low precision means the model captures most
positives but includes many false positives.
The F1 score combines precision and recall into a single metric, providing a balance between the two:

• It penalizes extreme values where one metric is high and the other is low.

• It is especially useful in imbalanced datasets, where the positive class is rare.

Limitations of Using Only Precision or Recall Relying on a single metric can be misleading:

• A model may achieve perfect precision (P = 1) by making very few positive predictions, resulting in
low recall.

• Conversely, a model may have perfect recall (R = 1) by predicting all instances as positive, resulting
in low precision.

Reporting all three metrics prevents such misinterpretations and this would in turn provide us with a holistic
evaluation of the model.

Application-Specific Metric Prioritization Different applications prioritize different metrics:

• In medical diagnostics, recall is crucial to ensure that all cases are identified[104].

• In spam detection, precision is more important to avoid misclassifying legitimate emails as spam[105].

Thus, reporting precision, recall, and F1 score together provides a scientifically rigorous evaluation of clas-
sification models. This approach ensures that both types of errors (false positives and false negatives) are
accounted for, offering a balanced assessment that is crucial for effective model deployment in practical
applications.

4.3.2. Performance of Fine-Tuned Models

The fine-tuned models, particularly RoBERTa Large with data augmentation, provided the best results in
terms of both precision and recall, achieving an overall F1-score of 0.96. The key observations are as follows:

• RoBERTa Large Performance: Fine-tuning both models on the domain-specific historical dataset
yielded significant improvements compared to their non-fine-tuned counterparts.RoBERTa Large had
an F1-score of 0.87, showing that it was adept at capturing the complexities of violent instances in
historical narratives.

• Impact of Data Augmentation: The data augmentation technique we employed played a crucial role
in enhancing the model’s performance. By expanding the dataset through synonym replacement, we
were able to expose the model to a wider variety of sentence structures, which improved generalization.
The F1-score of 0.96 for RoBERTa Large with augmentation demonstrates that augmenting small
datasets can yield substantial performance gains.
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4.3.3. Comparison with GPT-4o-mini Model

While the fine-tuned models consistently outperformed GPT-4o-mini, the results from the ChatGPT API
were still noteworthy:

• GPT-4o-mini, a general-purpose pre-trained model, showed a reasonable ability to detect violent
sentences but struggled with non-violent instances. This is reflected in its lower F1-score, particularly
for the non-violent class. The performance gap highlights the importance of domain-specific fine-
tuning, as GPT-4o-mini lacked the nuances of historical violence that were captured by our fine-tuned
models.

• Despite its lower performance, GPT-4o-mini still achieved an F1-score of 0.71 on the test set. This
demonstrates its potential as a baseline model for quick classification tasks where fine-tuning may not
be possible or resource-effective.

Figure 4.8.: F1 score of the different models
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5. Knowledge Extraction Using Large
Language Models

In the previous experiment, we fine-tuned language models to perform binary classification (detecting violent
and non-violent texts). This chapter presents the second of our experiments: Knowledge Extraction
Using Large Language Models. Here, we extend the scope to perform multi-class classification across
four dimensions: level of violence, context, motive, and long-term consequence. These dimensions were
chosen to provide a deeper, more granular understanding of violent events in ancient texts.

We trained four separate models, each focused on classifying one of the four dimensions. This allowed us to
extract detailed information beyond simple binary classification, providing a richer framework for analyzing
the socio-political dynamics, cultural context, and long-term impacts of violence in historical texts. A GitHub
repository with code and data is provided in Appendix A

5.1. Methodology and Experimental Setup

Following the same pattern from the previous chapter, we present the methodology, including dataset
preparation, model selection, training, and evaluation setup.

5.1.1. Overview

The primary goal of this experiment is to extract specific categories of knowledge from ancient texts using
fine-tuned large language models. Several publications demonstrate the use of LLMs for knowledge extraction
or in similar domains, such as information extraction from scientific texts [106], biomedical retrieval [107],
material science information extraction [108], relation extraction [109], and cross-lingual language retrieval
[110]. Additionally, surveys such as those by Zhu et al. [111], Wang et al. [112], and Zhai et al. [113]
provide comprehensive overviews of how large language models have been applied in various knowledge
extraction tasks.

5.1.2. Dataset Preparation

In this experiment, we use the ERIS dataset [95], which we presented in Chapter 2. The dataset contains
3251 ancient texts from different ancient eras. A snippet of the data is shown in Figure 5.1. One issue with
the dataset was that some texts from more recent eras were untranslated, leaving blank entries that would
have negatively affected model training. We addressed this by cleaning these entries, resulting in a final
dataset of 3165 texts. In Table 5.1, we show the classes of the Motive category. The remaining categories
are provided in Appendix B.
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Figure 5.1.: A snippet of the ERIS dataset.

Motive Records
Tactical/Strategical 1054
Political 598
Following Orders 308
Emotional 210
Economical 176
Ambition 170
Unknown 82
Self-defence 62
Social 44
Other 38
Religious 18
None/Accident 18
Unknown 2

Table 5.1.: Records of Motive. The remaining categories are found in Appendix A.

5.1.3. Model Selection and Fine-tuning

In this experiment, we directly used RoBERTa Large, as it provided the best results in the previous exper-
iment. We followed the same training and testing paradigm, with a standard 80-20 data split for training
and testing.

5.1.4. Evaluation Metrics

In this experiment, we also employed the same evaluation metrics—Precision, Recall, and F1-score—as
detailed in Chapter 4.

5.2. Results

In this section, we present the results of the multi-class classification tasks for each of the four dimensions:
level of violence, context, motive, and long-term consequence. Each model was trained separately for each
dimension, and the results include a breakdown of performance metrics across the respective categories.

5.2.1. Level of Violence Classification

In this task, the model was designed to classify instances of violence into four categories: interpersonal,
intrapersonal, intersocial, and intrasocial. These categories reflect different relational dimensions of violent
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acts, with interpersonal violence occurring between individuals, intrapersonal violence occurring within an
individual, intersocial violence involving conflict between social groups, and intrasocial violence occurring
within a single social group. Results are shown in Table 5.2. The confusion matrix is shown in Figure 5.2

Precision Recall F1-Score Support

Interpersonal 0.92 0.91 0.91 96
Intrasocial 0.95 0.83 0.89 72
Intersocial 0.96 0.98 0.97 371
Intrapersonal 0.84 0.94 0.89 17

Overall 0.9463 0.9460 0.9455 556
Macro Avg 0.92 0.91 0.91 556
Weighted Avg 0.95 0.95 0.95 556
Accuracy 0.9460

Table 5.2.: Level Results

Figure 5.2.: Confusion Matrix for Level of Violence Classification

5.2.2. Context Classification

In this task, the model was required to classify the context in which violent events occurred. The contexts
were divided into political, military, and social settings. A political context refers to events driven by
governmental, legislative, or diplomatic actions, while a military context involves armed conflicts, invasions,
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or other war-related events. The social context is important because it encompasses interactions between
individuals or groups within society that are shaped by social norms, cultural practices, and daily life. Results
are shown in Table 5.3 and Figure 5.3

Precision Recall F1-Score Support

Civilian 1.00 0.69 0.82 29
Jurisdictional 0.86 0.80 0.83 30
War/Military Campaign 0.80 0.94 0.87 181
Battle 0.93 0.81 0.87 69
Plunder 0.69 0.53 0.60 17
Ambush 0.85 0.73 0.79 15
Conspiracy 0.82 0.82 0.82 11
Revolt 1.00 1.00 1.00 21
Conquest 0.50 0.57 0.53 7
Naval Battle 1.00 1.00 1.00 2
Religious 1.00 1.00 1.00 6
Institutional 0.60 0.75 0.67 4
Sack 0.00 0.00 0.00 1
Single Combat 1.00 0.50 0.67 4
Siege 0.83 0.81 0.82 31
Unknown 1.00 1.00 1.00 5
Regicide 0.69 1.00 0.81 11
Military 0.90 0.87 0.89 93
Entertaining 0.60 0.43 0.50 7
Mutiny 1.00 0.75 0.86 8
Familicide 1.00 1.00 1.00 2
Fratricide 0.00 0.00 0.00 1
Paramilitary 1.00 1.00 1.00 1

Overall 0.8524 0.8471 0.8437 556
Macro Avg 0.79 0.74 0.76 556
Weighted Avg 0.85 0.85 0.85 556
Accuracy 0.8471

Table 5.3.: Context Results
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Figure 5.3.: Confusion Matrix for context Classification

5.2.3. Motive Classification

The motive classification aims to categorize the underlying reasons behind violent actions. The model was
tasked with distinguishing between various motives such as tactical or strategic considerations, political
ambitions, orders followed from a higher authority, emotional impulses, and economic gains. Each motive
represents a different driving force behind the violent act. For example, a tactical or strategic motive
may relate to achieving a military objective, while an emotional motive may stem from personal anger
or revenge. Other motives include self-defense, ambition, religious causes, or accidental and unintended
actions. Classifying motives helps us to elucidate the rationale behind the violent events. Results are shown
in Table 5.4 and Figure 5.4
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Precision Recall F1-Score Support

Unknown 1.00 0.80 0.89 20
Political 0.84 0.86 0.85 122
Tactical/Strategical 0.87 0.88 0.87 197
Economical 0.74 0.82 0.78 28
Following Orders 0.90 0.86 0.88 77
Self-Defence 0.75 0.69 0.72 13
Emotional 0.97 0.77 0.86 43
Ambition 0.71 0.83 0.76 35
Social 0.71 1.00 0.83 5
Religious 0.83 0.83 0.83 6
Other 1.00 1.00 1.00 6
None/Accident 0.75 0.75 0.75 4

Overall 0.8583 0.8525 0.8533 556
Macro Avg 0.84 0.74 0.75 556
Weighted Avg 0.86 0.85 0.85 556
Accuracy 0.8525

Table 5.4.: Motive Results

Figure 5.4.: Confusion Matrix for motive Classification
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5.2.4. Long-Term Consequence Classification

In this task, the model categorized the long-term consequences of violent events. The long-term conse-
quences were divided into categories such as social disruption, political change, and personal consequences.
Social disruption refers to the breakdown of social structures or relationships following violent acts, often
leading to instability within a community. Political change includes shifts in governance, power dynamics,
or territorial control that result from violent conflict. Personal consequences focus on the individual level,
such as psychological trauma, injury, or death. This classification highlights the broader impact of violence
beyond the immediate event. Results are shown in Table 5.5 and Figure 5.5

Table 5.5.: Long-term consequence results
Category Precision Recall F1-Score Support
Unknown 0.78 0.89 0.83 199
Campaign 0.81 0.87 0.85 28
Conquest 0.83 0.83 0.83 24
Coronation/Inauguration 1.00 0.67 0.80 12
Exile 1.00 0.67 0.80 6
Death 0.81 0.72 0.72 32
Other 0.72 0.72 0.72 32
Victory 1.00 1.00 1.00 16
Bestowing of Honors 0.67 0.33 0.44 6
Issuing of Law/Decrees 1.00 0.33 0.50 3
Injury 0.71 1.00 0.83 5
Battle 0.80 0.53 0.64 15
Declaration of War 1.00 1.00 1.00 2
Retreat 0.67 0.80 0.73 10
Mutiny 1.00 0.50 0.67 2
Sending of Envoys 0.93 1.00 0.96 13
Civil Conflict/Civil War 0.00 0.00 0.00 1
Tyranny 0.50 1.00 0.67 2
Capture 0.71 0.71 0.71 14
Destruction/Devastation 0.84 0.81 0.82 26
Repopulation 1.00 1.00 1.00 2
Declaration of Peace/Truce 1.00 0.44 0.62 9
Release of Prisoners 1.00 1.00 1.00 2
Garrisoning of Troops 1.00 0.67 0.80 6
Famine 1.00 1.00 1.00 1
Siege 0.95 0.70 0.81 30
Deportation 1.00 0.25 0.40 4
Treaty/Agreement/Pact 1.00 0.33 0.50 3
Surrender 0.67 1.00 0.80 2
Financial Reward 0.75 1.00 0.86 3
Seclusion 0.33 1.00 0.50 2
Plunder 0.86 1.00 0.92 6
Mutilation 1.00 1.00 1.00 1
Revenge 1.00 1.00 1.00 6
Execution 0.40 0.50 0.44 4
Torture 0.75 1.00 0.86 3
Applause 1.00 0.50 0.67 2

Overall 0.8190 0.8040 0.7986 556
Macro Avg 0.82 0.75 0.75 556
Weighted Avg 0.82 0.80 0.80 556

Continued on next page
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Table 5.5 – continued from previous page
Category Precision Recall F1-Score Support
Accuracy 0.8040

Figure 5.5.: Confusion Matrix for long-term consequence Classification

5.3. Discussion

In this experiment, we extended our analysis beyond binary classification by using large language models to
classify four dimensions of violence: level of violence, context, motive, and long-term consequence. The
multi-class classification tasks presented challenges and opportunities, revealing insights into how well fine-
tuned models can handle complex historical texts. In this section, we will discuss the overall performance,
strengths, and limitations of the models, with particular attention to category-specific challenges and areas
for improvement.

5.3.1. Performance Across Classifications

The fine-tuned models demonstrated robust performance across most categories, especially in tasks where the
training data was well-represented and clearly defined. However, several areas posed difficulties, particularly
when dealing with conceptually overlapping categories or those with fewer instances in the dataset.
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Level of Violence Classification The model achieved high precision and recall in distinguishing between
different levels of violence, particularly in the interpersonal and intersocial categories. This reflects the
model’s ability to capture the dynamics of violence that occur between individuals and social groups, which
are common themes in historical texts. However, the classification of intrapersonal violence—violence
occurring within an individual—proved more challenging, likely due to its lower representation in the dataset.
Intrapersonal violence, often psychological or internal, requires subtle contextual understanding, which may
have contributed to the model’s lower precision in this category. Future improvements could focus on
expanding the dataset to provide more examples of intrapersonal violence, as well as refining the model’s
ability to identify less overt forms of violence.

Context Classification In the context classification task, the model excelled in identifying prominent and
distinct categories, such as "War/Military Campaign" and "Battle." However, confusion arose in distin-
guishing between closely related contexts, such as large-scale military campaigns and more focused combat
scenarios like battles or single combat. This suggests that while the model is proficient in recognizing broad
categories, it struggles to differentiate between nuanced variations within these categories. Moreover, the
misclassification of "Regicide" as "War/Military Campaign" highlights the difficulty in separating specific
events involving leadership (e.g., the assassination of a ruler) from broader military conflicts. This points to
the need for more granular contextual cues and annotations to help the model differentiate between distinct
but related historical events.

Motive Classification The classification of motives showed strong performance in identifying broad cate-
gories like "Tactical/Strategical" and "Political" motives. However, the model encountered difficulties with
more nuanced and less frequently occurring motives, such as "Emotional" and "Ambition." These categories
often involve personal motivations that are harder to distinguish from strategic or tactical objectives, leading
to variability in precision and recall. Additionally, there was notable confusion between "Political," "Follow-
ing Orders," and "Tactical/Strategical" motives, reflecting the conceptual overlap between these categories.
Political actions, especially in historical military contexts, often serve tactical or strategic goals, making it
difficult for the model to separate them clearly. Similarly, orders followed in hierarchical organizations, like
the military, are typically part of broader tactical plans, further blurring the lines between these categories.
To address this, future iterations of the model could benefit from hierarchical classification techniques or
enhanced annotation guidelines that better define the boundaries between overlapping motives.

Long-Term Consequence Classification The long-term consequence classification task produced solid
overall results, with the model performing well in identifying categories such as "Destruction/Devastation"
and "Victory." These categories, being more concrete and frequently referenced in historical texts, were
easier for the model to classify accurately. However, as seen in the motive classification, categories with
fewer examples in the dataset, such as "Exile" or "Coronation," presented challenges. Lower precision and
recall in these categories can be attributed to their smaller representation, which limits the model’s ability
to generalize. The complexity of some long-term consequences, which may be abstract or harder to define
(e.g., political changes, psychological impacts), further added to the variability in performance. Addressing
this issue would require expanding the dataset to include more instances of these less common outcomes,
as well as enhancing the model’s contextual understanding of abstract consequences.

5.3.2. Key Findings and Limitations

The results of this multi-class classification experiment highlight several important findings:

• Class Imbalance and Data Scarcity: Categories with fewer examples, such as "Intrapersonal Vio-
lence" and "Exile," were more difficult for the model to classify, leading to lower precision and recall.
Increasing the representation of these underrepresented categories in the dataset would likely improve
model performance by enabling better generalization.

• Conceptual Overlap Between Categories: Overlap between categories—such as "Political" and
"Tactical/Strategical" in motive classification, or "War/Military Campaign" and "Battle" in context

49



CHAPTER 5. KNOWLEDGE EXTRACTION USING LARGE LANGUAGE MODELS

classification—led to frequent misclassifications. This suggests that while the model can distinguish
between broad categories, it requires more specific guidance to differentiate between closely related or
overlapping concepts. Future improvements could include adding more detailed contextual information
or employing hierarchical classification techniques.

• Performance in Concrete vs. Abstract Categories: The model performed well in classifying
well-defined, concrete categories like "Victory" or "Destruction/Devastation" in the long-term con-
sequence classification. However, it struggled with more abstract or less frequent categories, such
as "Coronation" or "Political Change." This suggests that the model could benefit from integrating
external knowledge sources to better understand the nuances of less concrete outcomes.

5.3.3. Future Directions and Improvements

Several enhancements could improve the model’s performance:

• Data Augmentation for Underrepresented Categories: Increasing the dataset size for underrepre-
sented categories, such as "Intrapersonal Violence" or "Exile," would help balance the model’s training
and improve its ability to classify these less frequent occurrences.

• Refining Conceptual Boundaries: Developing more refined annotation guidelines or implementing
hierarchical classification[114] could help the model distinguish between categories that share concep-
tual similarities, such as political versus tactical motivations or different forms of military conflict. A
recent work by Regneri et al.[115] shows that Large Language Models can detect conceptual abstrac-
tions and have some form of understanding conceptual clashes.

• Incorporating External Knowledge Sources: Integrating external historical knowledge bases or
leveraging multi-modal approaches could enhance the model’s ability to understand and classify ab-
stract consequences or motives that are more difficult to define based solely on text.

In conclusion, the experiment underscores the capability of large language models to handle complex, multi-
class classification tasks within the domain of ancient historical texts. While the models performed well in
several areas, addressing the challenges of data scarcity, conceptual overlap, and abstract category classifi-
cation will be critical in further refining their performance.
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6. Conclusion

This thesis set out to enhance the extraction and classification of violent instances from ancient historical
texts through the use of large language models (LLMs). Across two experiments, we demonstrated how fine-
tuning state-of-the-art models, such as BERT and RoBERTa Large, can substantially improve the detection
and classification of violence, a process that traditionally has been time-consuming and labor-intensive
for human annotators. The experiments were structured to address both binary classification (violence
detection) and more granular multi-class classification (knowledge extraction across various dimensions).

In the first experiment, we focused on detecting violent and non-violent texts using binary classification.
By fine-tuning large language models on domain-specific datasets, we achieved high precision and recall.
The results highlighted the advantages of leveraging pre-trained LLMs for specialized tasks, as the models
significantly outperformed general-purpose models like GPT-4o-mini in detecting violence, especially within
the nuances of ancient historical narratives. This experiment successfully automated what would otherwise
be a tedious task of manual annotation, while also ensuring high accuracy in classifying instances of violence.

The second experiment extended this capability by extracting more detailed information through multi-class
classification. Here, the models were tasked with classifying violent events across four critical dimensions:
level of violence, context, motive, and long-term consequence. The results demonstrated that our fine-
tuned models performed exceptionally well in identifying major categories, with robust precision and recall,
particularly in well-represented classes. Although challenges were encountered with conceptually overlapping
categories and those with fewer examples, our models still achieved notable success in automating this
intricate task. This step forward showcases the potential of LLMs to facilitate deeper, more granular
analyses of historical texts, allowing researchers to extract a wealth of knowledge that would otherwise
require extensive manual effort.

A key achievement of this work lies in the successful automation of tasks that traditionally demand signif-
icant human labor. The models we developed were able to handle both the detection of violence and the
classification of its various dimensions, which significantly speeds up the process of analyzing large historical
datasets. The methodology we employed, including dataset preparation, fine-tuning, and model evaluation,
offers a blueprint for future research in both the historical domain and similar fields requiring large-scale
text classification. Our work successfully complements the expertise of historians, enabling them to analyze
texts faster while retaining the nuance that human scholars bring to their research.

6.1. Limitations

While the results of this research demonstrate significant progress, several limitations remain. First, detecting
violent texts is a difficult task even for human experts. Some sentences that might initially seem violent
may not be classified as such due to the strict criteria used by historians. While our models outperform
non-experts, matching the precision of historical scholars remains a challenge. Additionally, historians can
identify specific actors, such as senators in political texts, through contextual clues that machines often
miss. This underscores the fact that our work is designed to complement, not replace, expert analysis.

Further limitations include computational constraints. Our experiments were conducted using models no
larger than RoBERTa Large due to the resource demands of training larger models, and this restricted our
ability to explore even more complex architectures. Overfitting, a common issue when fine-tuning models
on relatively small datasets, also posed a challenge, although data augmentation techniques helped mitigate
this to some extent. Lastly, the limited amount of annotated ancient text data hindered the model’s capacity
for generalization, and more extensive datasets could potentially lead to even better performance.
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6.2. Future Work

Looking ahead, there are several promising directions for extending this research. First, automating the
extraction process for additional categories of knowledge would deepen the analysis of ancient texts and
provide even more granular insights into the social, cultural, and political dynamics surrounding violent
events. Larger models, such as Llama or GPT-4, could also be explored to enhance performance, especially
for complex classification tasks. Incorporating reinforcement learning techniques, such as Reinforcement
Learning from Human Feedback (RLHF), could further improve model accuracy by allowing continuous
learning from expert historians.
Moreover, expanding the corpus of ancient texts available for training and fine-tuning, especially through
collaboration with historians, would help address the challenges of limited data. Finally, a hybrid approach
that combines automated classification with human review could be implemented, ensuring that models
continue to complement and enhance the expertise of historians while achieving the necessary scale to an-
alyze vast quantities of historical texts.

In conclusion, this thesis demonstrates the efficacy of large language models in automating complex clas-
sification tasks in ancient historical texts. By fine-tuning LLMs on domain-specific data, we have laid the
groundwork for a faster, more efficient approach to analyzing violence in historical narratives. Although chal-
lenges remain, the potential for continued advancements in this area is immense, with exciting prospects for
both the historical and machine learning communities.
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A. Code and Data

The code and data used in this thesis are publicly available on GitHub through this link:

https://github.com/AlhassanMady/Violence-classification
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B. Extended results section

B.0.1. (non-finetuned models)

Figure B.1.: Confusion Matrix for BERT base without Fine-Tuning

Figure B.2.: Confusion Matrix for RoBERTa Base without Fine-Tuning
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APPENDIX B. EXTENDED RESULTS SECTION

Figure B.3.: Confusion Matrix for RoBERTa Large without Fine-Tuning

B.0.2. BERT results with Finetuning

THis is tested with Random seed 42 for the test set

Precision Recall F1-Score Support

Non-Violent 0.96 0.97 0.97 396
Violent 0.91 0.89 0.90 131

Overall 0.90 0.89 0.90 527
Macro Avg 0.94 0.93 0.93 527
Weighted Avg 0.93 0.93 0.93 527
Accuracy 0.95

Table B.1.: BERT Model results

B.0.3. Further categories and classes

Table B.2.: Records of Level of Violence.
Level of Violence Records
Intersocial 1940
Interpersonal 384
Intrasocial 376
Intrapersonal 76
Other 4
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Table B.3.: Records of Context
Context Records
War/Military Campaign 968
Military 524
Battle 330
Siege 164
Civilian 124
Jurisdictional 106
Revolt 100
Plunder 74
Conspiracy 62
Mutiny 48
Conquest 44
Regicide 44
Ambush 38
Entertaining 22
Institutional 20
Sack 20
Naval Battle 20
Unknown 18
Single Combat 14
Religious 14
Familicide 10
Fratricide 6
Matricide 4
Paramilitary 4
Unknown 2

Table B.4.: Records of Long-term Consequence
Long-term Consequence Records
Unknown 1064
Death 250
Other 148
Siege 142
Conquest 136
Destruction/Devastation 112
Campaign 110
Victory 100
Battle 82
Plunder 76
Capture 64
Retreat 46
Sending of Envoys 44
Coronation/Inauguration 42
Declaration of Peace/Truce 32
Injury 30
Exile 28
Bestowing of Honors 24
Mutiny 22
Deportation 22

Continued on next page
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Table B.4 – continued from previous page
Long-term Consequence Records
Issuing of Law/Decrees 20
Revenge 16
Execution 16
Financial Reward 16
Release of Prisoners 16
Garrisoning of Troops 16
Surrender 14
Repopulation 14
Mutilation 14
Declaration of War 10
Torture 10
Famine 8
Treaty/Agreement/Pact 8
Seclusion 8
Tyranny 8
Applause 6
Feud/Hatred 4
Civil Conflict/Civil War 2

Figure B.4.: Custom-created examples and their classification
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