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Abstract

In the contemporary digital era, the exponential increase in unstructured and semi-

structured data has made information extraction a cornerstone of modern data-

driven research and application. The ability to transform such raw information

into structured knowledge is crucial for enabling later downstream tasks. While

traditional rule-based and statistical approaches to information extraction have

demonstrated success in narrow, well-defined tasks, they lack the scalability and

adaptability required to address the vastness and variability of present-day data.

Conversely, deep neural models and especially large language models have shown

remarkable capabilities in language understanding, yet they remain constrained

by high computational costs and susceptibility to hallucination.

This thesis explores the unification of various symbolic, statistical, and neural

paradigms into a cohesive hybrid framework. The central hypothesis is that by

combining the strengths of data-driven representation learning with structural,

rule-based, and multimodal knowledge, one can achieve information extraction

systems that are more accurate, efficient, and reliable than their monolithic

counterparts. To test this hypothesis, the thesis investigates a range of hybrid

architectures across five key application domains.

In the financial domain, a hybrid contradiction detection framework integrates

syntactic pre-training with transformer-based representations and clustering

algorithms to identify inconsistencies within large-scale financial reports. For

named entity recognition, the iNERD algorithm introduces rule-based constraints

to guide large language models, producing syntactically valid, hallucination-free

entity extractions. Thereafter, the anonymisation study leverages knowledge

distillation to compress the language understanding capabilities of large decoder-

only models into lightweight encoder-only architectures, enabling secure and

efficient text anonymisation. In relation extraction, this work presents KPI-BERT
and the open-source KPI-EDGAR dataset, combining contextual embedding

models with recurrent layers and noise-based regularisation to extract key

performance indicators from financial documents. Extending beyond text, the final

empirical contribution introduces a multimodal dementia detection framework

that fuses linguistic and acoustic representations, offering a robust approach to

early, non-invasive diagnosis.



Together, these studies provide compelling evidence that hybrid representation

learning constitutes an important paradigm for modern information extraction.

This research demonstrates that hybrid systems can achieve higher precision,

stronger generalisability, and improved efficiency while remaining adaptable

to real-world constraints. The findings of this thesis therefore advance the

field towards more trustworthy, sustainable, and application-ready artificial

intelligence.
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It’s the job that’s never started as takes longest to finish, as
my old gaffer used to say.

— J.R.R. Tolkien in The Fellowship of the Ring [1]

1
Introduction

In the contemporary digital age, we are confronted with an unprecedented

proliferation of data [9]. From financial reports [10–12] and legal contracts [13–15]

to clinical records [16–18] and social media communications [19–21], the vast

majority of this information exists in an unstructured or semi-structured format

[22, 23], like text or audio. This flood of textual and multimodal data represents

a profound challenge as well as a significant opportunity. Within this raw bulk

of information lies the potential to uncover critical insights [24], drive informed

decision-making [25], and automate complex analytical tasks [26]. The key topic

of this thesis, information extraction (IE), a cornerstone of natural language

processing (NLP), is dedicated to this very pursuit: transforming unstructured

data into structured, machine- and human-readable knowledge.

1.1 Motivation

Historically, information extraction systems relied on handcrafted rules and

statistical methods [27–29]. These methods, while effective for narrowly defined

tasks, lacked the scalability and adaptability required to contend with the sheer

volume, size, and heterogeneity of modern data [30]. Thus, the development

of neural networks has revolutionised the field of information extraction by

delivering substantial performance gains and broadening the field’s applicability

[31]. Representation learning via the transformer architecture [6] has emerged as a

central paradigm, enabling models to learn dense, semantic vector representations

of words, sentences, and entire documents directly from data, as demonstrated by

1
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transformer based language models like BERT [32]. These learned representations

capture the intricate nuances of language, like syntax, semantics, and context, in

a way that was previously unattainable [32–35]. Furthermore, advances such as

convolutional networks for vision [36], transformers for language, and multimodal

architectures for integrating text, images, and audio [37] all share this common

foundation: they succeed by learning internal representations that expose

structure in the data, serving as a bridge between raw input and task objectives

and enabling applications from medical diagnostics to legal contract analysis.

The rise of large language models (LLMs) has marked another paradigm

shift, offering significant capabilities in language understanding and generation,

as seen in models like OpenAI’s GPT [38–42] or Google’s Gemini [43] and the

plethora of applications of LLMs across a wide range of fields [44–50]. However,

their computational expense and susceptibility to “hallucination” might present

significant obstacles for tasks demanding fast results, a small computational

footprint, high precision, factual accuracy, or domain-specific consistency [51–54].

We therefore believe that simply scaling up language models is not the remedy to

these issues, but theorise that the path towards robust and reliable information

extraction lies in a more nuanced, hybrid methodology.

This thesis, titled Hybrid Representation Learning for Information Extraction,

argues for and demonstrates the effectiveness of such hybrid approaches. There-

fore, we explore the question:

How can we utilise hybrid approaches to representation learning to improve the
performance, efficiency, and robustness of neural networks on downstream tasks like
contradiction detection, named entity recognition, relation extraction, anonymisation,
or dementia detection?

To tackle this, we hypothesise that the next frontier in information extraction

will be defined by the intelligent fusion of data-driven representation learning

with other forms of knowledge and structure as well as the combination of various

modalities into unified representations. This includes the integration of rule-

based constraints to guide generative models (see Chapter 4), the combination of

different model architectures and statistical methods to leverage complementary

strengths (see Chapter 3 and 6), the distillation of knowledge from larger into

smaller models (see Chapter 5), and the fusion of multiple data modalities to

form a more complete understanding of the task at hand (see Chapter 7).

Across a diverse set of real-world information extraction tasks like ensur-

ing consistency in financial audits, protecting privacy, and aiding in medical
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diagnostics, this thesis will demonstrate that hybrid systems consistently yield

solutions that are not only capable but also reliable and efficient. It is this hybrid

combination that supports the contributions of the chapters to follow.

1.2 Thesis Outline and Contributions

This thesis is structured as a collection of chapters based on peer-reviewed

studies, each addressing a distinct yet related challenge in the field of information

extraction. Each chapter showcases a unique application of hybrid representation

learning, contributing novel models, datasets, and methodologies to the academic

and practical discourse. The individual contributions to each research paper

are described in the Appendix A. The overarching chapter structure of this

thesis is as follows.

Chapter 2: Overview on Representation Learning

This chapter establishes the theoretical groundwork for the thesis. It provides

a comprehensive overview of the fundamental principles of machine learning

models and representation learning, beginning with the architectures of neural

networks, from multilayer perceptrons to recurrent neural networks and the

modern transformer architecture. It then dives into the specific challenges of

learning representations from textual data, charting the evolution from classical

methods like Bag-of-Words and TF-IDF to the dense, static embeddings of

Word2Vec and GloVe, and finishing with the contextualised representations

generated or internalised by modern transformer-based models like BERT or

GPT. This chapter serves as the essential guide for understanding the techniques

developed and deployed in the subsequent chapters.

Chapter 3: Contradiction Detection

The integrity of financial reporting is paramount for market stability and investor

confidence. This chapter tackles the crucial task of identifying contradictions

within financial documents, an essential aspect of the financial auditing process.

We introduce two complementary hybrid methodologies. The first is a novel

transformer-based classifier architecture enriched with linguistic knowledge

through informed pre-training on Part-of-Speech (POS) tags. This approach

demonstrates how injecting syntactic structure improves semantic understanding

of “smaller” language models (here: RoBERTa [55]). The second methodology
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employs LLMs in combination with an embedding-based paragraph clustering

technique to detect inconsistencies across entire documents. This work highlights

the power of fusing the strength of LLMs with structured data processing

pipelines to create a powerful, zero- or few-shot contradiction detection system,

which can even detect contradictions in already published financial reports. This

system has the potential to significantly enhance the efficiency and reliability

of financial audits.

Chapter 4: Named Entity Recognition

Named entity recognition (NER) is a, if not the, foundational task in information

extraction, paving the way for later tasks like relation extraction [11] or building

knowledge graphs [56], yet traditional generative methods often struggle with

the dual challenges of ensuring factual accuracy and adapting to new domains

[51]. This chapter presents a significant contribution to modernising NER by

reformulating it as a constrained generative task. We introduce the Informed
Named Entity Recognition Decoding (iNERD) framework, a novel hybrid

approach that leverages the sophisticated language understanding of decoder-

only LLMs. The core innovation lies in its informed decoding algorithm, a

rule-based guardrail that forces the model’s generative output to adhere to the

rigid syntax of the NER task. This fusion of a learned neural system with

symbolic constraints guarantees hallucination-free output, a critical requirement

for reliable and production-ready information extraction. The chapter further

contextualises this contribution through a comprehensive comparative analysis of

LLMs on the specialised and challenging domain of legal NER, demonstrating the

limitations of unconstrained prompting and reinforcing the need for hybrid

solutions like iNERD.

Chapter 5: Anonymisation

The development of powerful, API-based LLMs has created a significant pri-

vacy paradox: leveraging their capabilities often requires sharing sensitive

data with third-party services, that might be hosted in foreign countries with

differing data protection regulations and that might misuse said sensitive

data in unintended or even malign ways. This chapter addresses this critical

challenge by introducing a novel, resource-efficient framework for anonymising

textual data. The methodology is rooted in knowledge distillation, a technique

where the text understanding of a large “teacher” LLM is transferred to a
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much smaller, lightweight “student” model. This distilled student model, an

efficient encoder-only transformer architecture, is then integrated into a complete

pipeline with rule-based algorithms to create a robust and production-ready

anonymisation system. Our experiments demonstrate that this distilled approach

significantly outperforms existing baselines, achieving superior performance

while maintaining a small computational footprint, making it suitable for local

or on-device deployment where privacy is paramount.

Chapter 6: Relation Extraction

Beyond identifying entities, understanding the relationships between them is

crucial for extracting meaningful knowledge. This chapter focuses on the task

of relation extraction (RE) within the financial domain, specifically automating

the extraction of key performance indicators (KPIs) and their corresponding

values from financial documents. Our investigation charts an evolutionary

path, beginning with the development of KPI-BERT, an end-to-end system that

combines a BERT backbone with a recurrent neural network to perform joint NER

and RE. Building on this, we introduce KPI-EDGAR, a novel, open-source dataset

for this exact task, and propose a word-level weighted F
1

score that better captures

the fuzzy boundaries inherent in financial documents. Furthermore, the chapter

investigates how controlled noise injection into various transformer layers can act

as a regularisation technique to improve model performance. Finally, we evaluate

the capabilities of few-shot KPI extraction, providing an in-depth comparison

between nine LLMs, illustrating the trade-offs in this ever evolving landscape.

Chapter 7: Dementia Detection

The final empirical chapter extends the application of hybrid representation

learning into the domain of healthcare, focusing on the early and non-invasive

detection of dementia. Accurate and timely diagnosis is crucial for patient care,

and this work explores the potential of leveraging multimodal data to improve

diagnostic accuracy. We develop a deep learning framework that analyses

audio recordings from dementia patients. The core of our approach lies in the

fusion of two distinct modalities: audio features, captured via spectrograms,

are combined with linguistic features extracted from text transcriptions. Our

findings demonstrate that this multimodal approach, which combines acoustic

and semantic representations, significantly surpasses the performance of single-
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modality systems, underscoring the immense promise of hybrid, multimodal

deep learning for creating more robust and accessible diagnostic tools.

Chapter 8: Conclusion

The final chapter of this thesis provides a comprehensive summary of the key

findings and contributions presented. It reflects on how the hybrid representation

learning methodologies developed throughout this thesis collectively advance

the field of information extraction. Furthermore, the chapter discusses the

broader implications of these findings, highlighting that the intelligent fusion

of machine learning with expert, structural, and multimodal knowledge offers a

robust path towards more capable, reliable, and efficient systems. It concludes

by outlining several promising avenues for future research that build upon the

hybrid paradigm, including unified frameworks, dynamic constraint learning,

and extended multimodal applications in domains such as healthcare and

strategic reasoning.

1.3 Chapter Structure and Mathematical Notations

The core chapters of this thesis that present our empirical work, from Chapter 3

to Chapter 7, follow a shared structure. Each chapter stands on its own as a self-

contained study, beginning with an abstract to summarise its core contributions.

From there, an introduction outlines and motivates the specific challenge at hand.

The main part of each chapter is then the methodology section, where theoretical

foundations for later experiments are laid, and the experiments section, where

these methods are tested and evaluated. Finally, each chapter wraps up with a

conclusion, reflecting on the results and discussing their significance.

A note on the mathematical notation used consistently throughout this thesis:

scalar values are denoted by lowercase italic letters, e.g., n ∈ ℕ0 for the number

of observations in a dataset. Vectors are represented by lowercase boldface

letters, e.g., r ∈ ℝd
for a learned representation of an item. Higher-dimensional

variables such as matrices and tensors are denoted by uppercase boldface letters,

e.g., X ∈ ℝn×d
for the input to a system. Functions are written in calligraphic

style, e.g., A(·) for an activation function in a neural network, and sets are

represented in blackboard bold, e.g., ℝ for the set of real numbers. For an

exhaustive overview of all symbols used, the reader is referred to the List of

Notations preceding the main body of this thesis.



You can prove anything you want by coldly logical reason
– if you pick the proper postulates.

— Isaac Asimov in I, Robot [57]

2
Overview on Representation Learning

Contents

2.1 Neural Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
2.1.1 Multilayer Perceptron . . . . . . . . . . . . . . . . . . . . 9

2.1.2 Recurrent Neural Networks . . . . . . . . . . . . . . . . . 11

2.1.3 Transformers . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.1.4 Training a Neural Network . . . . . . . . . . . . . . . . . 17

2.2 Introduction to Textual Representation Learning . . . . . . . . 19
2.2.1 Tokenisation . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.2.2 Bag-of-Words . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.2.3 Term Frequency-Inverse Document Frequency . . . . . . 23

2.2.4 Word2Vec . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

2.2.5 Global Vectors for Word Representation . . . . . . . . . . 25

2.2.6 Learned Representations from Transformers . . . . . . . 26

This chapter provides a comprehensive overview of the fundamental principles

underlying representation learning, focusing on its applications to address

various challenges in information extraction tasks. It delves into the theoretical

foundations and inherent challenges of these methods, offering a framework

that sets the stage for the advanced topics discussed in subsequent chapters of

this thesis. Since most of the issues addressed later in this thesis involve textual

data, much of the discussion emphasises representation learning within the

context of natural language processing (NLP). In the first part of this chapter, we

formally introduce a few key concepts of neural networks, including three model

architectures and how neural networks can be trained. Thereafter, we give an

7
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introduction into how one can generate meaningful representations from textual

data and how such textual representations have evolved.

As established in Chapter 1, this thesis investigates hybrid approaches to

representation learning for information extraction. Before exploring how different

methods can be combined to create more robust and efficient systems, it is

essential to understand the individual components that form the building blocks

of such hybrid architectures. The neural network architectures presented in

Section 2.1, ranging from multilayer perceptrons to transformers, each possess

distinct strengths and limitations: multilayer perceptrons excel at learning

complex nonlinear mappings [58] but struggle with sequential data [59, 60];

RNNs handle sequences naturally [61] but suffer from vanishing gradients [62]

and limited parallelisation [63]; transformers overcome these issues through self-

attention [6] but at significant computational cost [64, 65]. Similarly, the textual

representation methods discussed in Section 2.2 capture different aspects of

language: classical methods like Bag-of-Words [66] and Term Frequency-Inverse

Document Frequency [67] provide sparse, interpretable features [68]; distributed

embeddings from Word2Vec [69, 70] and GloVe [71] capture semantic similarities

in dense vector spaces [72]; and contextualised transformer representations

adapt dynamically to context [32] but may lack the explicit structural knowledge

of rule-based systems [73].

The subsequent chapters of this thesis demonstrate that intelligently combining

these approaches, such as integrating linguistic knowledge into transformer pre-

training (Chapter 3), constraining generative models with rule-based decoding

(Chapter 4), fusing multiple architectures for joint tasks (Chapter 6), distilling large

models into efficient ones (Chapter 5), or merging multimodal representations

(Chapter 7), yields systems that are more capable, reliable, and efficient than

any single method alone. This chapter thus provides the foundations for how

and why these hybrid combinations succeed.

2.1 Neural Networks

To establish a solid foundation for representation learning, this section introduces

neural networks as the central computational building block of most modern

approaches. We begin by reviewing fundamental architectures, from multilayer

perceptrons to recurrent neural networks and transformers, highlighting how each

addresses different challenges in modelling structured and sequential data. This

overview situates neural networks within the broader context of representation
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learning and provides the formal background necessary for understanding their

role in information extraction tasks, as almost all models discussed in later

chapters are based on such neural networks.

2.1.1 Multilayer Perceptron

Multilayer Perceptrons (MLPs), also called feedforward neural networks or deep

feedforward networks, are the classic neural network, as stated in [74], which

the upcoming paragraphs are based upon. The goal of such an MLP is to

approximate some function F∗
, where the Universal Approximation Theorem

even states that a sufficiently large MLP can approximate any continuous function,

making it a universal function approximator [58, 74]. As an example for an

MLP, given the binary classifier

y = F∗(x), (2.1)

that maps an input x ∈ ℝninput
of size n

input
to a class y, an MLP defines

ŷ = F
MLP

(x,W) (2.2)

=M(x), (2.3)

in which it learns
1

the value of the weight parameters W, with

W = W(1),W(2), . . . ,W(nl)
(2.4)

denoting the set of nl weight matrices across all layers, where each W(l) ∈ ℝdl×dl−1

connects layer l − 1 to layer l.

An MLP, or any kind of neural network, consists of layers of neurons, that

each computes a weighted sum z ∈ ℝ of its inputs x1, x2, . . . , xninput
:

z =

ninput∑
i=1

wixi + a, (2.5)

where wi is the weight associated with the input xi and a is the bias term.

Thereafter, a nonlinear activation function A is applied to this weighted sum,

which determines the output of the neuron:

y
neuron

= A(z) (2.6)

1
Section 2.1.4 details how this “learning” works.
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Common activation functions include the Sigmoid Function [75], defined as

A
Sigmoid

(z) =
1

1 + e−z
, (2.7)

the Rectified Linear Unit (ReLU) [76], defined as

A
ReLU

(z) = max(0, z), (2.8)

or the Tangens hyperbolicus (tanh) [77], defined as

A
tanh

(z) = tanh(z) (2.9)

= 1− 2

e2z − 1
. (2.10)

Another widely used activation function, especially in the output layer for multi-

class classification problems, is the Softmax function [78]. It converts a vector of

size n
classes

into a probability distribution of n
classes

possible outcomes. For a given

input vector z ∈ ℝn
classes

, the softmax function is defined as:

A
Softmax

(zi) =
ezi∑n

classes

j=1 ezj
for i = 1, . . . , n

classes
. (2.11)

These neurons are stacked into layers and each layer of neurons receives the

output of the previous layer’s neurons (see Equation (2.6)) as input. The first or

input layer ingests the original inputx and containsn
input

neurons. This is followed

by n
hidden

∈ ℕ0 layers of any size ni,hiddensize
∈ ℕ. These hidden layers learn new,

intermediate representations of the input data and each successive layer has the

potential to learn more abstract and complex features from the representations of

the previous layer [79–81]. The final layer, usually named the output layer, maps

the penultimate layer’s output to the actual output and therefore, contains n
output

neurons. Figure 2.1 illustrates a simple MLP as an example. The weight matrix

W and bias matrix A are the trainable component of such a neural network and

are being updated during the training, as seen in later in Section 2.1.4.

In the context of information extraction, MLPs are often used as a final

classification layer on top of more complex feature extractors like recurrent

neural networks or pre-trained transformers to make predictions based on the

learned representations and are therefore a crucial tool in many information

extraction use-cases [30, 32].
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Figure 2.1: Exemplary depiction of an MLP with an input size of 4, a single hidden

layer of size 3, and an output size of 2. Each node represents a neuron as defined in

Equations (2.5) and (2.6).

2.1.2 Recurrent Neural Networks

While MLPs are powerful function approximators, they possess a significant

limitation: they are designed to handle fixed-size inputs and assume that each

input is independent of the others. This makes them inherently unsuitable for

processing sequential data, such as text or time series, where context and order

are crucial for understanding. For instance, in the two sentences “In the Battle of

the Hornburg, Legolas and Gimli engaged in a contest” and “Legolas and Gimli

engaged in a contest in the Battle of the Hornburg” we would like a model to

recognise “Legolas” and “Gimli” as relevant persons, regardless of their position

in the sentence [74]. If we train an MLP that processes sentences of a fixed length

for this task, it would have separate parameters for each input feature/word

position and therefore, would have to learn all the rules of the language separately

at each position in the sentence [74]. To address this, recurrent neural networks

(RNNs), like the Jordan network [82] or the Elman network [61], were introduced, a

family of neural networks specifically designed for processing sequential data [74].

The defining feature of an RNN is its use of a hidden state, or memory, which

allows it to persist information across time steps. At each step i in a sequence,

the network takes the current input xi and its hidden state from the previous

step, hi−1, to compute the new hidden state hi and, optionally, an output ŷi.

This recurrent connection creates a loop that enables the network to maintain a

representation of the sequence seen so far, which is also illustrated in Figure 2.2.
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h1 h2 hn

x1 x2 xn

ŷ1 ŷ2 ŷn

. . .

=hi

ŷi
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Figure 2.2: Exemplary depiction of the recurrent mechanism of a “vanilla” RNN. The

figure is adapted from [83].

Elman network

The simplest form of an RNN calculates its hidden state and output using the

following recurrence relations [74]:

zi = Whhhi−1 +Wxhxi + ah (2.12)

hi = Ah(zi) (2.13)

ŷi = Ay(Whyhi + ay) (2.14)

where Whh, Wxh, and Why are the weight matrices for the hidden-to-hidden,

input-to-hidden, and hidden-to-output connections, respectively. ah and ay are

the corresponding bias terms. Ah is typically a nonlinear activation function like

tanh (see Equation (2.9)), and Ay depends on the task (e.g., a sigmoid for binary

classification or softmax for multi-class classification). The initial hidden state

h0 is usually initialised to a vector of zeros. This structure can be visualised as

being “unfolded” through time, as shown in Figure 2.2.

Despite their theoretical appeal, vanilla RNNs are difficult to train on long

sequences due to the vanishing and exploding gradient problems [84, 85]. During

backpropagation through time (see Section 2.1.4), gradients are multiplied at each

time step, causing them to either shrink exponentially to zero (vanish) or grow

uncontrollably (explode). This makes it nearly impossible for the network to learn

long-range dependencies. To overcome this fundamental limitation, more complex

gated RNN architectures were developed, of which two are shown herafter.
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Solutions to exploding or vanishing gradient problem

The Long Short-Term Memory (LSTM) network, introduced by [86], was a solution

to the vanishing gradient problem. LSTMs introduce a more sophisticated

recurrent cell structure that includes a dedicated cell state and a series of gates

that regulate the flow of information. These gates, the forget gate, input gate, and

output gate, are small neural networks that learn which information is important

to keep, add, or discard at each time step.

The Gated Recurrent Unit (GRU), introduced by [5], is a more recent and

computationally simpler alternative to the LSTM. It merges the cell state and

hidden state into a single hidden state vector hi and uses only two gates: an

update gate and a reset gate. The update gate determines how much of the past

information to keep, while the reset gate decides how much to forget. By having

fewer parameters, GRUs can be faster to train and sometimes outperform LSTMs

on certain tasks, especially with less training data [87].

2.1.3 Transformers

While gated RNNs like LSTMs and GRUs significantly improved the ability of

neural networks to capture long-range dependencies, they still retain a limitation

inherited from their recurrent nature: they process information sequentially, as

illustrated in Figure 2.2. This sequential processing hinders parallelisation across

time steps, making them computationally intensive and slow to train on very

long sequences [88]. Furthermore, even with gating mechanisms, the path length

for information to travel between distant positions remains long, which can still

pose a challenge for capturing very long-term dependencies [6].

To address these challenges, [6] introduced the transformer, a neural network

architecture that removes recurrence entirely and relies instead on a mechanism

called self-attention [6]. This allows the model to weigh the importance of all

other words in the input sequence when processing a single word, enabling it

to draw context from the entire sequence simultaneously.

Scaled Dot-Product Attention

The core component of a transformer is its attention mechanism. To calculate

the scaled dot-product attention, introduced in [6], for each token in the input

sequence, transformers computes three vector representations: a query and a key

vector, q and k, both of dimension dk, and a value vector v of dimension dv by

multiplying its input x with three distinct weight matrices (Wq, Wk, Wv):
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q = xWq (2.15)

k = xWk (2.16)

v = xWv (2.17)

The query vector can be seen to represent the current input token’s request for

information, the key vectors of all other tokens act as labels for the information

they hold, and the value vectors contain the actual information of those tokens [72].

The attention score is calculated by taking the dot product of the query vector

q with all the key vectors k in the sequence. This score is then scaled by the

square root of the dimension of the key vectors, dk. A softmax function is applied

to these scores to obtain attention weights, which represent a distribution of

importance over the entire sequence. Finally, the output for the query token is

computed as the weighted sum of all the value vectors in the sequence. When

this is computed for all tokens simultaneously using matrices Q, K, and V, it

is known as Scaled Dot-Product Attention:

Attention(Q,K,V) = A
softmax

(
QKT

√
dk

)
V (2.18)

This self-attention mechanism allows the model to create context-aware repre-

sentations by directly modelling the relationships between all pairs of words in

a sequence, regardless of their distance from one another.

Multi-Head Attention and Positional Encoding

The transformer architecture enhances the self-attention mechanism through a

procedure called Multi-Head Attention. Instead of performing a single attention

function, the query, key, and value matrices are linearly projected multiple times

into different, learned subspaces. Scaled dot-product attention is then applied

in parallel to each of these “heads”. This allows the model to jointly attend to

information from different representation subspaces at different positions. The

outputs of the parallel heads are then concatenated and linearly projected to

produce the final output. Figure 2.3 illustrates this whole process in detail.

Since the self-attention mechanism is inherently permutation-invariant, as

it does not naturally process the order of tokens, the model requires explicit

information about the position of each token in the sequence. To this end,

transformers add positional encodings to the input embeddings at the bottom of

the encoder and decoder stacks. These encodings are vectors that give the model
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Figure 2.3: Multi-Head Attention in detail. The figure is adapted from [83].

information about the absolute or relative position of tokens. The original paper

used sine and cosine functions of different frequencies for this purpose [6], but

many extensions and adjustments were made of these [89–92].

Encoder and Decoder

The original transformer in [6] was designed for sequence-to-sequence tasks and

consists of an encoder and a decoder stack, as depicted in Figure 2.4.

The encoder is a stack of identical layers. Each layer has two sub-layers: a

multi-head self-attention mechanism and a simple, position-wise fully connected

feed-forward network (which is an MLP applied to each position separately).

A residual connection [93] followed by layer normalisation [94] is employed

around each of the two sub-layers.

The decoder is also a stack of identical layers. In addition to the two sub-

layers found in the encoder layer, the decoder inserts a third sub-layer, which

performs multi-head attention over the output of the encoder stack. The self-

attention sub-layer in the decoder is also modified to prevent positions from

attending to subsequent positions, then called “masked self-attention”, ensuring

that the prediction for position i can depend only on the known outputs at

positions less than i.

The parallelisable nature of transformers has significantly improved training

efficiency and enabled the development of large pre-trained models. These
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Figure 2.4: The architecture of the “vanilla” transformer model, implementing an

“encoder-decoder” architecture. The figure is adapted from [83].

are typically categorised as either “encoder-only” models, which consist solely

of encoder layers (e.g., BERT [32], RoBERTa [55], DIBERT [95]), “decoder-only”

models, which consist only of decoder layers (e.g., GPT-1 to GPT-5 [38–42], Gemini

[43], Llama [96–98]), or “encoder-decoder” models, which have both and thus,

exhibit the exact structure as shown in Figure 2.4 (e.g., T5 [99], BART [100]).

Encoder-only models are typically used to generate contextualised representa-

tions of the entire input sequence, which can then be used for downstream tasks

such as classification or extraction. In contrast, decoder-only models generate text

autoregressively, predicting the next token conditioned on all previously generated

tokens. As a consequence, encoder-only architectures are particularly well-suited

for discriminative tasks such as sentiment analysis or named entity recognition,
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while decoder-only architectures are naturally aligned with generative tasks such

as summarisation, dialogue, or question answering.

In the context of information extraction, transformer models have become a

de facto standard [30, 31]. By pre-training on large amounts of unlabelled text,

these models learn rich, contextualised representations of language that can be

fine-tuned to achieve exceptional performance on a wide range of tasks, including

named entity recognition, relation extraction, and contradiction detection, as

seen in later chapters.

2.1.4 Training a Neural Network

Training a neural network involves adjusting its parameters by updating the weight

matrices W and biases a, such that the network’s predictions ŷ more closely

match the target values y [74]. This is achieved by minimising a loss function

L(y, ŷ), which quantifies the difference between predicted and true outputs.

Gradient Descent

Gradient descent is an iterative optimisation algorithm used to update the

parameters in the direction that most rapidly decreases the loss [101]. For a

given weight matrix W, the update rule is:

W←W − η
∂L
∂W

, (2.19)

and similarly for the biases a:

a← a− η
∂L
∂a

, (2.20)

where η is the learning rate, a hyperparameter controlling the step size. The

step size determines how far the parameters move in the direction of the

negative gradient at each iteration: larger values enable faster learning but risk

“overshooting” the minimum, while smaller values lead to slower yet more stable

convergence. By repeatedly applying these updates across the training dataset,

the network parameters gradually converge to values that minimise the loss.

Backpropagation

Backpropagation is the algorithm used to compute the gradients
∂L
∂W

and
∂L
∂a

for all layers in the network [74, 75]. It relies on propagating the error from

the output layer back through the hidden layers.
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For a neuron with pre-activation value z (see Equation (2.5)) and activation

y
neuron

= A(z) (see Equation (2.6)), the gradient of the loss with respect to the

weights w and connecting inputs x to this neuron is:

∂L
∂w

=
∂L
∂z

∂z

∂w
(2.21)

=
∂L

∂y
neuron

· A′(z) · x (2.22)

and for the bias:

∂L
∂a

=
∂L
∂z

∂z

∂a
(2.23)

=
∂L

∂y
neuron

A′(z) (2.24)

where A′(z) denotes the derivative of the activation function with respect to

its input. By recursively applying these calculations from the output layer

to the input layer, we can compute gradients for all parameters to update

them via gradient descent.

Backpropagation through time

While the standard backpropagation algorithm computes gradients layer by layer

through a feedforward network, backpropagation through time extends this principle

to recurrent architectures, where parameters are shared across time steps [74,

102]. Since an RNN processes sequential data by repeatedly applying the same

set of weights (see Equations (2.13)–(2.14)), it can be conceptualised as a deep

network unfolded through time, with one layer per time step.

During the forward pass, at each time step i, the network computes a hidden

state hi and possibly an output ŷi. The total loss for a sequence of length ℓ is

typically expressed as the sum (or average) of the individual time-step losses:

L =
ℓ∑

i=1

Li(yi, ŷi). (2.25)

In the backward pass, we compute gradients of this total loss with respect

to all parameters by applying the chain rule through both the temporal and

layer-wise dependencies. For the hidden-to-hidden weight matrix Whh, this

means accumulating gradients from all time steps:

∂L
∂Whh

=
ℓ∑

i=1

∂Li

∂hi

∂hi

∂Whh

, (2.26)
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where
∂Li

∂hi
depends not only on the current time step but also recursively on all

future hidden states hi+1, . . . ,hℓ due to the recurrent connections:

∂Li

∂hi

=
∂Li

∂ŷi

∂ŷi

∂hi

+
∂Li+1

∂hi+1

∂hi+1

∂hi

. (2.27)

This recursive dependency causes gradients to be repeatedly multiplied by

∂hi

∂hi−1
, which can lead to the vanishing or exploding gradient problem when training

on long sequences (see discussion in Section 2.1.2).

2.2 Introduction to Textual Representation Learning

Even from a human point of view, many information processing or extraction tasks

are either very easy or fairly hard to solve, depending on how the information

is represented [74]. Take the following 6
th

game of the 1997 chess match
2

between IBM’s Deep Blue [104] and Garry Kasparov, that can be represented

as the following chess moves:

Deep Blue vs. Kasparov, Caro-Kann Defence, Steinitz Variation
1.e4 c6 2.d4 d5 3.Nc3 dxe4 4.Nxe4 Nd7 5.Ng5 Ngf6 6.Bd3 e6 7.N1f3 h6 8.Nxe6

Qe7 9.0-0 fxe6 10.Bg6+ Kd8 11.Bf4 b5 12.a4 Bb7 13.Re1 Nd5 14.Bg3 Kc8 15.axb5

cxb5 16.Qd3 Bc6 17.Bf5 exf5 18.Rxe7 Bxe7 19.c4 1-0 (Resignation)

This probably looks close to nonsense to a non-chess player, and even avid chess

players likely find a better representation for this by “playing” the moves either

“in their imagination” or on an actual board. So, for the first move “1.e4”, an

internally visualised or physically set representation would be:

8 rmblkans
7 opopopop
6 0Z0Z0Z0Z
5 Z0Z0Z0Z0
4 0Z0ZPZ0Z
3 Z0Z0Z0Z0
2 POPO0OPO
1 SNAQJBMR

a b c d e f g h

Figure 2.5: Deep Blue versus Kasparov, 1997, 1
st

move.

2
See [103] for the complete chess match and analysis, from where this position was sourced

from.
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The final position from the move order above, in which Kasparov resigned, is:

8 rZkZ0Z0s
7 o0Zna0o0
6 0ZbZ0Z0o
5 ZpZnZpZ0
4 0ZPO0Z0Z
3 Z0ZQZNA0
2 0O0Z0OPO
1 S0Z0Z0J0

a b c d e f g h

Figure 2.6: Deep Blue versus Kasparov, 1997, 19
th

move.

These representations are, to the human mind, more readable and com-

prehensible, highlighting that learning and generating good representations is

paramount for the performance on downstream tasks.

Learning and exploiting representations of input data, such as text, audio,

or images, is a fundamental aspect of all machine learning models discussed in

subsequent chapters. Many methods integrate multiple approaches to enhance

the quality of the resulting representations. However, the process of deriving

meaningful representations varies considerably across modalities, both in terms

of difficulty and methodology.

For instance, consider an image of resolution dW × dH pixels, where each pixel

is represented by three integer values in the range from 0 to 255, corresponding to

its red, green, and blue colour components in an 8-bit channel. This follows the

additive colour model [105], commonly referred to as RGB24, and is illustrated

with an example in Figure 2.7. The resulting representation, X
image

∈ ℕdW×dH×3
0 ,

is in itself already computationally meaningful and can be directly employed in

downstream tasks. For example, its concatenated vector form, x
image

∈ ℕ3dW dH
0 ,

may be passed to an MLP to classify images into categories.

Similarly, audio data can be represented in a way that is directly amenable to

machine learning models. A raw audio signal is fundamentally a one-dimensional

waveform, representing the amplitude of the sound over time. While this raw

waveform can be used as a direct input to a model, it is often more beneficial

to transform it into a more informative, two-dimensional representation. A

common approach is to compute a spectrogram, which visualises the spectrum

of frequencies in the audio signal as they vary over time. We discuss such an
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Figure 2.7: Representing an image as a matrix by leveraging an 8-bit per channel RGB

representation. Note that each vector xi,j ∈ ℕ3
0 represents the three colour channels red,

green, and blue for i = 1, · · · , dH and j = 1, · · · , dW , with the three-dimensional vector

x1,1 corresponding to the top-left pixel and the remaining vectors defined analogously

across the image grid.

approach in detail in Chapter 7, where we analyse how neural networks can be

leveraged to detect dementia in speech recordings of patients.

In contrast, identifying an equally straightforward representation for text

is less obvious. The closest analogue may be to assign each character in the

input sequence a unique identifier, as in the character encoding defined by the

American Standard Code for Information Interchange (ASCII) [106], which maps

128 characters to integers. For example, the string “Gandalf” can be represented

in ASCII as the integer sequence “71 97 110 100 97 108 102”. In principle,

such a representation could be provided directly as input to an MLP. However,

this encoding is unlikely to constitute a meaningful representation of text, and the

model would therefore need to learn a more informative internal representation,

similar to the earlier chess example.

Thus, a wide range of approaches has been developed to address the challenge

of learning meaningful representations. In the following, we review some of the

most common methods to represent textual data, beginning with the necessary pre-

processing step of tokenisation, followed by a few key representation approaches,

and concluding with transformer-based embedding models.

2.2.1 Tokenisation

As seen before, text cannot be directly represented as continuous numerical

vectors in the same way as images or audio signals. Instead, it must first be

decomposed into smaller units, a process known as tokenisation. A token is an

atomic unit of text representation, which may correspond to a character, subword,

or whole word, depending on the chosen scheme.
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Example sentence: “Gandalf the Grey was determined to not let the Balrog

pass.”

Character-level tokenisation:
G | a | n | d | a | l | f | [ ] | t | h | e | [ ] | G
| r | e | y | [ ] | w | a | s | [ ] | d | e | t | e |
r | m | i | n | e | d | [ ] | t | o | [ ] | n | o | t
| [ ] | l | e | t | [ ] | t | h | e | [ ] | B | a | l
| r | o | g | [ ] | p | a | s | s | .

Word-level tokenisation:
[Gandalf] [the] [Grey] [was] [determined] [to] [not]
[let] [the] [Balrog] [pass] [.]

Subword-level tokenisation (BERT [32] WordPiece):
[G] [##anda] [##lf] [the] [Grey] [was] [determined] [to]
[not] [let] [the] [Ba] [##l] [##rog] [pass] [.]

Figure 2.8: Illustration of different tokenisation strategies applied to the sentence “Gandalf

the Grey was determined to not let the Balrog pass.”.

The simplest approach is character-level tokenisation, where each character is

mapped to an integer identifier. While this ensures full coverage of any text,

it often results in long sequences and weak semantic signals [107]. Word-level
tokenisation, by contrast, assigns identifiers to entire words, but suffers from out-of-

vocabulary issues when encountering unseen terms [108]. To balance vocabulary

size and expressiveness, modern methods such as Byte Pair Encoding [109] or

WordPiece [110] perform subword tokenisation, splitting words into frequently

occurring units. Figure 2.8 illustrates these three tokenisation approaches.

2.2.2 Bag-of-Words

A simple approach to representing textual data numerically is the Bag-of-Words
(BoW) model [66]. In BoW, a sentence is represented as a vector of word counts with

respect to a predefined or “inferred” vocabulary. Each dimension of this vector

corresponds to a unique word type in the vocabulary, and its value is the frequency

with which that word occurs in the sentence. Formally, given a vocabulary

𝕍 = {w1, . . . , w|𝕍|} and a sentence s, the BoW representation of s is a vector

xs,BoW
=
[
fw1,s, fw2,s, . . . , fw|𝕍|,s

]
∈ ℕ|𝕍|

0 , (2.28)

where fwi,s denotes the raw frequency of word wi in sentence s.
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For example, the two sentences “Éowyn faced the Witch-king” and “The

Witch-king faced Éowyn” would receive identical BoW representations, as the

model ignores word order and syntactic structure. Despite this limitation,

BoW has been widely used due to its simplicity and effectiveness in tasks

such as sentence classification and clustering, especially when combined with

linear classifiers [111, 112].

2.2.3 Term Frequency-Inverse Document Frequency

Building on the Bag-of-Words model, the Term Frequency-Inverse Document
Frequency (TF-IDF) representation [67] introduces a weighting scheme that

balances the frequency of a word within a sentence against its informativeness

across a corpus. While Bag-of-Words represents sentences as high-dimensional

count vectors, TF-IDF re-weights these counts to downplay very frequent but

semantically uninformative words (e.g., “the”, “and”) and emphasise rarer,

more distinctive ones.

Formally, let w denote a word and s a sentence. The term frequency (TF)

of w in s is defined as

tf(w, s) =
fw,s∑

w′∈s fw′,s
, (2.29)

where fw,s is the raw count of word w in sentence s, and the denominator is

simply the total number of words in s.

The inverse document frequency (IDF) of w over a corpus C is given by

idf(w,C) = log

(
nC

1 + nw

)
, (2.30)

where nC is the total number of sentences in the corpus and nw the number of

sentences where the word w appears. The constant 1 in the denominator avoids

division by zero for words not present in the corpus.

The resulting TF-IDF weight of a word w in a sentence s in the context

of a corpus C is

tfidf(w, s, C) = tf(w, s) · idf(w,C). (2.31)

These weights replace the BoW frequencies in Equation (2.28) so that the TF-IDF

representation of a sentence s is the vector

xs,TF-IDF
=
[
tfidf(w1, s, C), tfidf(w2, s, C), . . . , tfidf(w|𝕍|, s, C)

]
∈ ℕ|𝕍|

0 . (2.32)
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Note that the choice of “sentence” versus “document” (or even “paragraph”)

depends on the level of analysis relevant to the task at hand. The mathematical

formulation remains identical, with s denoting the chosen unit of analysis here.

2.2.4 Word2Vec

Representations such as BoW or TF-IDF are local: each word corresponds to

a unique index, and all information is concentrated in that single dimension,

as seen in the previous two subsections. Word representations generated by

such algorithms are usually sparse and have a high dimensionality. In contrast,

distributed representations [59, 113] encode words as dense vectors in a continuous

space, where meaning is spread across multiple dimensions. Each dimension

of such a vector contributes partially to the representation of a word, and

similar words share overlapping components of their embeddings. This enables

semantic and syntactic relationships to be reflected in geometric structures, such

as distances or directions in the embedding space. For example, the words

“Galadriel” and “Thranduil”, both elven rulers, are orthogonal in a one-hot

representation, yet should appear close together in a distributed embedding

space due to their shared semantic properties.

A milestone in the development of such distributed word representations was

the introduction of Word2Vec by [69, 70]. Unlike BoW or TF-IDF, which treat words

as independent symbols, Word2Vec embeds words into a continuous vector space

where semantic similarity is reflected in geometric proximity. The core intuition

is that words appearing in similar contexts should have similar embeddings.

Two architectures were proposed: the Continuous Bag-of-Words (CBOW) model

and the Skip-Gram model. In CBOW, the model predicts a target word wi given

its surrounding context words {wi−nc , . . . , wi−1, wi+1, . . . , wi+nc} within a context

window of size nc. In Skip-Gram, the task is inverted, given a target word

wi, the model predicts its surrounding context words. Therefore, skip-gram

and CBOW are basically the same in architecture. The only difference is the

objective function utilised during training.

Formally, the Skip-Gram objective maximises the log-probability of observing

context words given a centre word:

C
Skip-Gram

=

|C|∑
i=1

∑
−nc≤j≤nc, j ̸=0

logP (wi+j |wi), (2.33)
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where |C| is the corpus length in tokens, nc the context window size, wi the

centre word at position i, and wi+j a context word of wi at relative position j. The

conditional probability is parameterised using the softmax function:

P (wi+j |wi) =
e
r⊤wi+j

rwi∑𝕍
w′=1 e

r⊤
w′rwi

. (2.34)

However, this formulation is impractical as the cost of computing the condi-

tional probability defined in (2.34) above is proportional to |C|, which tend to

be quite large. To enable training on large vocabularies, approximations such as

hierarchical softmax [114] and negative sampling [115, 116] were introduced.

Word2Vec was among the first models to demonstrate that distributed

embeddings capture rich linguistic regularities. Famous examples include

linear analogies such as

r
king,W2V

− r
man,W2V

+ r
woman,W2V

≈ r
queen,W2V

,

illustrating how semantic and syntactic relations are encoded in the learned

vector space of distributed word representations.

2.2.5 Global Vectors for Word Representation

Building on the success of prediction-based models like Word2Vec, [71] introduced

the Global Vectors for Word Representation (GloVe) model. Whereas Word2Vec relies

on local context windows, GloVe leverages global statistical information about

word co-occurrences across an entire corpus. The central idea is that ratios of

co-occurrence probabilities contain rich semantic information, and embeddings

should be trained to preserve these relationships.

Let fGloVe

ij denote the number of times word wj appears in the context of

word wi across a large corpus. GloVe learns word embeddings by minimising

the following weighted least-squares objective:

C
GloVe

=

|𝕍|∑
i=1

|𝕍|∑
j=1

FW

(
fGloVe

ij

) (
r⊤i,GloVe

rj,GloVe
+ ai + ãj − log

(
fGloVe

ij

))2
, (2.35)

where ri,GloVe
, rj,GloVe

∈ ℝd
GloVe

are the target and context word embeddings of

dimension d
GloVe

, ai and ãj are bias terms, and FW (·) is a weighting function that

downweights rare and overly frequent co-occurrences, in [71] defined as:



2. Overview on Representation Learning 26

FW (x) =


(

x
λmax

)λα

, if x < λmax,

1, otherwise.
(2.36)

[71] proposed to set the Hyperparameters λmax = 100 and λα = 0.75, which

they found to work well across large corpora.

2.2.6 Learned Representations from Transformers

The introduction of transformer-based models (see Section 2.1.3) has funda-

mentally changed how representations of language are learned. Instead of

relying on static embeddings, such as Word2Vec or GloVe, these models generate

contextualised representations that adapt to the surrounding text. The embedding

of a word is therefore not static but changes depending on the sentence in which

it appears, capturing nuanced meaning shifts.

For example, static embeddings would assign the same vector to the word

“bow”, regardless of whether it appears in the sentence “Legolas’ favourite

weapon is the bow” or “The hobbits did not bow before Aragorn”. In contrast,

transformer-based models such as BERT [32] produce distinct embeddings for

these two occurrences of “bow”, since one context refers to a weapon to shoot

projectiles with and the other to the action of bending forward at the waist.

This dynamic adjustment of meaning in context is what enables transformer

representations to capture such nuanced shifts.

Encoder-Only Models

Encoder-only architectures, such as BERT [32], RoBERTa [55], and their successors,

learn contextual embeddings by pre-training on large text corpora using two

main objectives: masked language modelling and, in the original BERT, next sentence
prediction. In masked language modelling, random tokens in the input are replaced

with a special [MASK] token, and the model is trained to predict the original

tokens from their surrounding context. This encourages the encoder to build

internal representations that integrate bidirectional context, unlike autoregressive

models that rely on left-to-right predictions. The second objective, next sentence

prediction, is a binary classification task where the model is given two segments

of text and must decide whether the second segment is the actual continuation

of the first or a randomly sampled sentence from the corpus. The goal of next

sentence prediction is to make the model sensitive to inter-sentence coherence
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and sentence-level relationships, which is particularly useful for downstream

tasks such as question answering or natural language inference.

Analysis of BERT’s layers [34, 117] reveals that its hidden representations

encode a roughly hierarchical progression of linguistic features resembling the

stages of a classical NLP pipeline. Early layers tend to capture surface-level

information such as part-of-speech tags and basic syntactic information, while

in the higher layers, representations become more specialised toward semantic

role labelling and co-reference.

Decoder-Only Models

Decoder-only models, such as the GPT family [38–42], Gemini [43], and LLaMA

[96–98], are trained autoregressively to predict the next token in a sequence

given all previous tokens. Even though their training objective is a generative

one, the internal hidden states of these models also serve as contextualised

representations. Each layer of the decoder stack refines token embeddings by

integrating longer-range dependencies and higher-level abstractions, such that

intermediate activations encode increasingly abstract semantic and syntactic

features [118–120].

These internal representations have been shown to encode information beyond

surface-level word identity, including syntactic structure, factual knowledge, and

latent in-context concepts relevant for reasoning [118, 121, 122]. For information

extraction tasks, hidden states from decoder-only LLMs can thus be directly

leveraged, fine-tuned, or adapted through prompting strategies to serve as

high-quality feature vectors [123–125].
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In this chapter, we unify two complementary approaches to detect-

ing and correcting contradictions in financial reports, an essential

information extraction task in auditing. First, we introduce a hybrid

transformer-based architecture enriched with Part-Of-Speech (POS)

knowledge through informed pre-training. By fine-tuning on both

the Stanford Natural Language Inference Corpus (SNLI) [127] and

a proprietary real-world financial contradiction dataset, the model

achieves an outstanding contradiction detection F
1

score of 89.55%,

substantially outperforming multiple baselines. Notably, financial-

document-specific transformer models yield lower performance com-

pared to more general embedding approaches in this setting. Second,

we employ large language models (LLMs) in combination with an

28
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embedding-based paragraph clustering methodology to enable the

contradiction detection process across whole documents. Evalua-

tions span three datasets, a publicly available annotated corpus, our

aforementioned proprietary annotated dataset, and an unannotated

corpus, demonstrating strong zero-shot performance. The results

highlight the significant potential of automated contradiction detection

as an information extraction strategy, substantially boosting auditing

efficiency by reducing the time and effort required for a comprehensive

and reliable financial report review.

3.1 Introduction

This chapter is based on our publications “Contradiction Detection in Financial
Reports” (co-authored with Maren Pielka, Lisa Pucknat, Basil Jacob, Tim Dil-

maghani, Mahdis Nourimand, Bernd Kliem, Rüdiger Loitz, Christian Bauckhage,

and Rafet Sifa) and “Uncovering Inconsistencies and Contradictions in Financial
Reports using Large Language Models” (co-authored with David Leonhard, Lars

Hillebrand, Armin Berger, Mohamed Khaled, Sarah Heiden, Tim Dilmaghani,

Bernd Kliem, Rüdiger Loitz, Christian Bauckhage, and Rafet Sifa) published in

the proceedings of the 4th Northern Lights Deep Learning Conference [128] and the

11th IEEE International Conference on Big Data [129], respectively.

Building on the theoretical foundation of hybrid representation learning

introduced in Chapter 2, this chapter marks the first empirical exploration

of how hybrid architectures can enhance the accuracy and interpretability of

information extraction systems. In the domain of financial reporting, where

consistency and factual precision are critical [130], we apply this paradigm to

the detection of textual contradictions.

Contradictions in written text are widespread and can range from the merely

amusing to the gravely consequential. While some may elicit a chuckle, as in the

case of a newspaper article asserting that the “earth circles the moon in 365 and

a fraction days”
1

when explaining the astronomy behind the summer solstice,

others pose serious risks, particularly in financial reporting. In this chapter, we

focus on the latter: contradictions in financial documents that, if left unrecognised

or uncorrected, can lead to “bad operational decisions, reputational damage,

economic loss, penalties, fines, legal action and even bankruptcy” [131].

Financial contradiction detection encompasses both numeric and semantic
inconsistencies. Numeric contradictions arise when specific figures or values

1
Printed in the article Ottawa vs. the equator by the Ottawa Citizen on the 20

th
of June 2012.
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differ within the same report (e.g., a net profit stated as $500 in one section but $600

in another). Several approaches exist to address this form of consistency checking

[132, 133]. In this work, however, we concentrate on semantic contradictions,

whose identification depends not purely on numerical comparisons but on

the inferred meaning of, and relationships between, statements. Given the

example from our paper [128]:

“On 14
th

of March, 2020, we increased our capital by offering 5,000 new shares

during a seasoned equity offering.”

“During 2020, we did not increase our total amount of equity and thus, it

remained unchanged at $10,000,000.”

Each statement in isolation is valid and numerically consistent, however the

combination of both is contradictory as issuing 5,000 new shares would, in reality,

increase the company’s equity. Recognising such semantic contradictions requires

both contextual and domain-specific financial knowledge.

3.1.1 Motivation and Context

In global finance and accounting, the accuracy and reliability of financial reports

are paramount. These documents form the bedrock upon which key decisions are

made by investors, analysts, regulators, and other stakeholders. Nevertheless, the

financial reporting landscape is highly complex, characterised by a multiplicity

of data sources
2

and reporting standards such as the International Financial

Reporting Standards (IFRS), the German Commercial Code (Handelsgesetzbuch,

HGB), or Japan’s Modified International Standards (JMIS). In such a complex

setting, any contradiction or inconsistency in published financial reports can

lead to skewed investment decisions, regulatory compliance issues, and the

erosion of market confidence [134].

Advances in NLP, particularly with LLMs such as the GPT family [38–42],

Gemini [43], and LLaMA [96–98], offer promising avenues for automating the

detection of these contradictions. Because LLMs can be trained to understand

2
Examples of financial report data sources include the EDGAR database by the U.S. Security

Exchange Commission (sec.gov/edgar/search-and-access), the SEDAR+ database by the Canadian

Securities Administrators (sedarplus.ca), and the DART database by the South Korean Financial

Supervisory Service (englishdart.fss.or.kr/).

https://www.sec.gov/edgar/search-and-access
https://www.sedarplus.ca
https://englishdart.fss.or.kr/
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complex financial relationships [44, 135, 136] and metrics [132], they are well-

positioned to identify inconsistencies arising from the interplay of domain-

specific concepts.

At its core, contradiction detection is the task of identifying when two

statements contain information that cannot simultaneously be true. This task is a

foundational challenge in natural language understanding because it requires a

model to move beyond surface-level text similarity and perform deeper semantic

reasoning. Contradictions can arise from various sources, such as antonymy,

negation, numerical mismatches, or more complex world knowledge [137].

Identifying these inconsistencies is often difficult, as it likely demands nuanced

contextual understanding and, in many cases, domain-specific expertise [138].

3.1.2 Our Contributions

Against this backdrop, our research explores multiple strategies for contradiction

detection in financial reports, with a particular emphasis on semantic contradic-

tions. In earlier works [132, 133], researchers have addressed numeric consistency

in financial documents; however, here, we focus on the semantic dimension.

Specifically, our contributions are:

• We introduce a new natural language processing task: detecting semantic

contradictions in financial documents.

• We test various pre-trained language models, both encoder-only and decoder-
only, on three datasets of real-world financial reports.

• The best encoder-only approach leverages a XLM-RoBERTa [139] model

augmented with additional domain-oriented pre-training and achieves an

F
1

score of 89.55%, while remaining locally deployable.

• The best decoder-only approach utilises a GPT-4 [41] model and achieves an

F
1

score of 93.24%.

By leveraging language-model-driven methods as introduced in this chapter,

companies as well as auditors can produce more accurate, reliable financial

reports and thereby enable investors and creditors to make more informed and

sound decisions. Ultimately, we believe such research on financial contradiction

detection contributes to improving both the efficiency of the auditing process

and the trustworthiness of global financial communications.
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3.1.3 Structure of this Chapter

The remainder of this chapter is structured as follows. Section 3.2 reviews prior

research in the fields of natural language inference and contradiction detection,

establishing the context for our contributions. In Section 3.3, we detail the

methodologies employed, covering our approaches for both sentence-pair and

full-document contradiction detection. Thereafter, Section 3.4 describes the

datasets used and presents the results of our experiments. Finally, Section 3.5

concludes the chapter by summarising our findings, discussing their implications,

and outlining potential avenues for future work.

3.2 Related Work

The broader field of contradiction detection has its roots in natural language

inference (NLI), also known as textual entailment. NLI aims to determine whether

a given hypothesis can be deduced from a specific premise. Early interest in NLI was

boosted by a challenge introduced in [140], which attracted 17 submissions. With

the rise of deep, pre-trained transformer architectures, modern NLI methods

commonly leverage models such as BERT [32], RoBERTa [55], and StructBERT

[141], achieving state-of-the-art performance [142–147]. Interestingly, the use of

LLMs in the field of NLI has proven to be difficult, as shown in [148] and [149].

Contradiction detection represents a more specific variant of NLI, in which the

system must verify whether a hypothesis directly contradicts the premise. Earlier

work frequently relied on rule-based and lexical methods. For instance, [150]

drew on negation, antonymy, and pragmatic discourse information, while [151]

explored a “contradiction-only” dataset, categorising contradictions into seven

classes. Similarly, [152] built a rule-based framework combining shallow semantic

representations with binary relations extracted via semantic role labelling.

As transformer models became more prevalent, many studies began using

transformers such as BERT, RoBERTa, or GPT-like architectures [38, 39] to address

contradictions in different domains. For instance, [153] identified inconsistencies

in biomedical texts, [154] detected self-contradictions in an artificially-balanced

Wikipedia-based corpus, and [155] sought to improve chatbot responses by

locating contradictory content in preceding conversation turns. Furthermore,

[156] employed semantic features and uncertainty indicators, and [157] examined

sentence pairs in legal and historical domains.
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Contradiction detection has also been extended to languages beyond English.

[158] and [159] focussed on Spanish, [160] on Japanese, [161] on Persian, [162]

on Arabic, and [163] on Chinese. Several works have also addressed German-

language corpora [164–166].

While NLI and contradiction detection have proven versatile across domains,

financial documents present unique challenges, including complex regulations,

specialised terminology, and numeric or narrative inconsistencies. Previous

work addressing numerical discrepancies include [132] and [133]. Prior to

our work [128, 129], semantic contradiction in financial documents have, to

the best of our knowledge, not been studied. Our works bridged this gap by

proposing frameworks that apply pre-trained language models to the domain

of financial reports, aiming to accurately recognise potential inconsistencies that

may otherwise lead to costly misinterpretations.

3.3 Methodology

In this section, we describe our approach to address the two different scenarios

for contradiction detection in financial reports. First, we investigate how one can

identify contradictions within sentence-pair data. Then, we discuss the additional

steps required to detect them in document-level data.

3.3.1 Sentence-Pair Data

Sentence-pair data is the usual form for many, if not the most, NLI and

contradiction detection datasets, as seen in [127, 138, 140, 164, 167]. We tackle

this scenario with an encoder-only setup, infused with additional pre-training,

and a decoder-only setup.

Encoder-only

The overall architecture for the encoder-only setup comprises a pre-trained

transformer language model E , serving as the encoder of each sentence s and

outputting a learned representation rs in the form of a d-dimensional vector:

rs = E(s) ∈ ℝd
(3.1)

This encoding step is followed by a feed-forward neural network, i.e., a

multilayer perceptron (MLP), fine-tuned for the binary classification task of
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We increased our capital by
offering new shares in 2020.

During 2020, we did not
increase our total amount of

equity.

Sentence Pair

Encoder
Language

Model

[a1,b1,c1,...]

[a2,b2,c2,...]

Learned
Representation

Multilayer
Perceptron

Contradiction
yes/no

Figure 3.1: Architecture overview of our encoder-only contradiction detection approach.

contradiction detection. Formally, the MLP M outputs:

ŷ =M(rs1 ⊕ rs2), (3.2)

where rs1 and rs2 are the representations of the two input sentences, i.e., the result

of Equation (3.1). This architecture is also illustrated in Figure 3.1.

We evaluate four different language models in two configurations for the

encoder E : vanilla, i.e., no further pre-training, and enhanced, i.e., augmented

with additional pre-training as described further below. The four pre-trained

models we evaluate are: XLM-RoBERTa [139], FinancialBERT [168], FinBERT

[169], and a specialised RoBERTa variant known as Financial RoBERTa
3
, which is

trained on the Financial Phrasebank corpus by [170]. These models vary slightly

in their architecture and hyperparameters.

XLM-RoBERTa is a multilingual transformer encoder trained on a masked lan-

guage modelling task involving 100 languages. We leverage the XLM-RoBERTa-
large4

checkpoint, which sports an embedding dimensionality of 1024, incor-

porates 24 hidden layers, and uses 16 attention heads per layer, resulting in a

total of 355 million trainable parameters. FinancialBERT and FinBERT are both

based on the standard BERT [32] implementation, while Financial RoBERTa

builds on RoBERTa [55]. They utilise the bert-base5
and roberta-base6

checkpoints, respectively. FinBERT and Financial RoBERTa underwent additional

pre-training on the Financial PhraseBank corpus [170] for financial sentiment

classification, whereas FinancialBERT is trained for next-sentence prediction

and masked language modelling on a corpus of 3.39 billion tokens from the

financial domain. All three models specialised on the financial domain employ an

embedding dimensionality of 768 and feature 12 hidden layers with 12 attention

3
huggingface.co/abhilash1910/financial_roberta

4
huggingface.co/FacebookAI/xlm-roberta-large

5
google-bert/bert-base-uncased

6
huggingface.co/FacebookAI/roberta-base

https://huggingface.co/abhilash1910/financial_roberta
https://huggingface.co/FacebookAI/xlm-roberta-large
https://huggingface.co/google-bert/bert-base-uncased
https://huggingface.co/FacebookAI/roberta-base
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heads each, totalling approximately 110 million trainable parameters. They are

thus considerably smaller than the XLM-RoBERTa-large checkpoint.

Our primary motivation for the enhancement, i.e., additional pre-training, of an

encoder-only transformer model is to improve the model’s capacity for semantic

understanding. To achieve this, we incorporate POS tagging as an auxiliary

pre-training task, requiring the model to predict the syntactic role of each word

in a sentence. Examples of possible labels include “noun”, “verb”, “adverb”, and

“determiner”. Many words (e.g., “fly” or “break”) can assume different syntactic

roles depending on context, motivating deeper linguistic representations. We

label each subword token according to the full word from which it originated.

The following excerpt from our pre-training dataset illustrates a training example:

_We

PRON

_classify

VERB

_our

PRON

_short

ADJ

-

PUNCT

_term

NOUN

_investments

NOUN

_as

ADP

_available

ADJ

-

PUNCT

_for

ADP

_sale

NOUN

.

PUNCT

All POS tags are generated using the spaCy framework [171]. For additional

implementation details, please refer to [137].

Decoder-only

To detect contradictions between two sentences, we employ a relatively straight-

forward approach: we query the decoder-only model, in our case an LLM, using

a specific prompt and parse its output to derive a binary decision to determine

whether the sentences contradict each other. The prompt we use is shown below:

Given the following paragraph, check if there are any contradictions in it. Your

answer has to start with “yes” or “no”. Explain your answer.

paragraph: “{paragraph}”

3.3.2 Document Data

When moving to the document level, an additional “bucketing” step is necessary

to manage paragraphs and reduce computational overhead, as it is unfeasible

and often impossible to process a whole document at once. At this bucketing

step, we form sub-document buckets of thematically related paragraphs. Each

bucket is then examined by an LLM to detect contradictions. A query to the LLM

includes: (1) a prompt specifying processing and output instructions, and (2)

the relevant paragraph collection (including paragraph IDs). The LLM responds
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Clustering
Large

Language
Model

Contradiction
yes/no

Document Buckets

Figure 3.2: The workflow of our document-level contradiction detection approach. The

figure is adapted from our paper [129].

with either “Yes” or “No” and provides a brief explanation if a contradiction is

identified. Figure 3.2 illustrates this workflow. For German-language documents,

the prompt is translated accordingly. An example prompt is shown below:

Check the following document to see if it contains any contradictions. Justify

your answer. Based on the justification: end your answer with “Yes” if the

document contains contradictions, otherwise “No”. If the document contains

contradictions, cite the respective paragraph numbers in your justification.

Document: “{document}”

In practice, most contradictions become apparent within one or two sentences,

so the entire context of a paragraph may be unnecessary for discovering inconsis-

tencies. Consequently, when multiple paragraphs are submitted to the LLM in a

single query, irrelevant content may act as “noise” and reduce performance, as the

truly relevant information then constitutes a smaller fraction of the overall prompt.

We show empirical evidence of this effect in Section 3.4. Additionally, longer

queries increase both computational time and costs, affecting both pay-per-query

services (e.g., GPT-4 [41]) and self-hosted, open-source models (e.g., Llama [96]).

A naive solution to bucketing would be to compare each paragraph against

every other paragraph and feed each pair into the LLM, effectively treating

document data as a sentence-pair problem, as introduced in Section 3.3.1. How-

ever, the combinatorial complexity of paragraph-to-paragraph comparisons

grows quadratically:

n
queries, paragraph-to-paragraph

=
n

paragraphs
·
(
n

paragraphs
− 1
)

2
∝ n2

paragraphs
. (3.3)

Since the financial reports we consider contain between 200 and 1200 para-

graphs (see Section 3.4.3), this approach rapidly becomes infeasible due to
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exorbitant query costs or computational demands. To mitigate these issues, we

leverage paragraph representations and clustering.

Paragraph representations project text into a vector space, enabling similarity-

based comparisons. While domain-specific, fine-tuned embeddings have been

shown to excel in financial tasks [135], we use a more general, off-the-shelf

approach via text-embedding-ada-002 [172]. Cosine similarity is then used

to group paragraphs into buckets, each containing paragraphs that are topically

similar. The subsequent sections describe three different bucketing strategies

for constructing these paragraph groupings.

Fixed-Length Buckets

To form buckets of a fixed size ℓ
fixed

= nk + 1, we select the nk most similar

paragraphs based on cosine similarity and therefore, are applying the near-

est neighbour algorithm [173]. This approach reduces the total number of

LLM queries to n
paragraphs

, in contrast to the paragraph-to-paragraph baseline.

Furthermore, when

ℓ <
n

paragraphs

2
,

it also results in fewer total tokens passed to the LLM. Choosing a modest ℓ (on

the order of 10) significantly reduces costs for commercial LLMs such as GPT-4,

whose pricing is tied to the quantity of input and output tokens.

Variable-Length Buckets

The variable-length buckets approach seeks to further reduce the number of

queries. Instead of selecting the nk-nearest paragraphs, this method sets an

embedding similarity threshold τr of two paragraph representations r, below

which paragraphs are excluded from a bucket. Using text-embedding-ada-
002 from OpenAI, cosine-similarity scores typically approach 1, with a macro-

average of 0.79 across all documents [172]. To prevent buckets from becoming

excessively large, we impose a maximum size ℓ
max

, and to avoid buckets that are

too small when few paragraphs exceed τr, we set a minimum size ℓ
min

. As later

shown in Table 3.1, introducing a threshold τr of 0.9 notably reduces the average

bucket size. However, if some contradictory paragraphs do not reach the similarity

threshold, they may be filtered out, leading to potential missed contradictions.
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Merging Fixed-Length Buckets

The foundation of this approach is a set of buckets with a fixed size, as previously

introduced. During implementation, initial experiments revealed that a single

financial document frequently yields multiple buckets that share many of the

same paragraphs. In our setup, each paragraph is assigned a unique integer,

termed the paragraph id. When two fixed-length buckets of size nk contain

identical paragraph ids, they can be merged into a single bucket of size less

than 2nk. This merged bucket is then the input for the LLM to determine if

said bucket contains a contradiction.

Two primary parameters govern this merging procedure. The first is the

bucket similarity threshold τ
overlap

, which measures the overlap in paragraph ids

(rather than embeddings) between buckets. The second is the maximum number

of paragraph ids that a bucket may contain, denoted ℓ
max

, which ensures that

buckets, and thus the corresponding LLM prompts, do not become prohibitively

large. Formally, if we consider a bucket b to be a set of integer paragraph ids,

the similarity between two buckets b1 and b2 can be written as:

Similarity(b1, b2) =
|b1 ∩ b2|
|b1,2|

, (3.4)

where |b1,2| is constant across all buckets, corresponding to the initial fixed-

length bucketing. A third, implied hyperparameter is the minimum bucket

size ℓ
min

= nk + 1, enforced because merging occurs only after the nk nearest

neighbours have been identified. The nk + 1 factor refers to one target paragraph

plus its nk neighbours.

Figure 3.3 offers a simple example of this merging process, and the full

workflow for all merging methods appears in Figure 3.4.

Choosing the parameters for merging fixed-length buckets is not a trivial task.

Our most important constraint is that, for the sake of reduced model output and

query cost, we aim to merge paragraphs as often as possible. At the same time, we

want our queries to remain as short as possible to minimise both complexity and

noise in the model input, as too much noise can lead to performance degradation

(see Figure 3.6). We choose the fixed bucketing method with nk = 10 as a base.

Then, we increase the number of additional paragraphs a bucket can hold from 0

to 9 in steps of one, resulting in ℓ
max
∈ [11, 20]. Secondly, we iterate τ

overlap
from 0.1

to 1.0 in steps of 0.1, thereby generating buckets for a total of 100 combinations

of ℓ
max

and τ
overlap

. Figure 3.5 shows the percentage reduction in the number of

queries for all 30 documents. The largest reduction occurs at a similarity threshold
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Initial Buckets

bucket

1

paragraphs contained

1  2  3  4  5  6 

2 1  2  3  4  5  9

3 1  3  5  7  8  9

4 1  3  4  7  8  10

5 1  2  3  5  6  8

6 2  6  9  10 11 12

7 2  4  6  7  13 14

Merged Buckets

merged buckets

1  2  5

paragraphs contained

1  2  3  4  5  6  8  9

3  4 1  3  4  5  7  8  9  10

6 2  9  10 11 12

7 2  4  6  13 14

merging

Figure 3.3: This fictitious example aims to demonstrate the idea of merging. Suppose

there is a list of 7+ initial buckets with varying paragraph overlaps. Suppose further that

the merging hyperparameters are ℓmin = 6, ℓmax = 9 and τ
overlap

= 0.6. Initially, there are

6 paragraphs in each bucket. Clustering the buckets according to their overlap shows that

we group the first bucket with the second, the fifth, and the seventh. However, merging

the second, fifth, and seventh all into the first bucket would exceed the maximum number

of paragraphs ℓmax. Thus, it will be only merged with the second and the fifth. The

same goes for the second and the fifth buckets. This way, the data model can store the

paragraph ids from each bucket. Given these buckets, the LLM is queried for each

merged bucket only once. In the above example, the merging reduction would lead to

four queries instead of the initial seven. The figure is adapted from our paper [129] and

slightly altered in its layout.

Variable-Length
Bucketing

Document Buckets

Fixed-Length
Bucketing Bucket Merging

Figure 3.4: A detailed overview of the clustering procedure (Figure 3.2) when the

bucket-merging approach is used. For comparison, the variable-length bucketing strategy

(dashed line) and the fixed-length-only approach (dotted line) are also shown. The figure

is adapted from our paper [129].
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Figure 3.5: Heatmap to display the effectiveness of Merging Fixed-Length Buckets. A

lower number signals a more extensive paragraph reduction, i.e., a value of x translates to

a paragraph reduction of n
paragraphs after reduction

= n
paragraphs before reduction

∗ x. The figure

is adapted from our paper [129].

of τ
overlap

= 0.5 and a value of ℓ
max

= 20. This outcome is expected, as a bigger

maximum bucket size trivially allows for more mergers.

However, for our final evaluation, we set the parameters to ℓ
max

= 17 and

τ
overlap

= 0.6 for two reasons. First, these values strike a balance between

significantly reducing costs and output size while keeping LLM prompts relatively

concise. Second, a higher similarity threshold probably has a positive impact

on model performance, since merged buckets with greater similarity are likely

to be more contextually cohesive.

Query Length and Cost Comparison

For a corpus of 30 documents, Table 3.1 compares both cost and query length in

terms of the number of paragraphs passed to the model, in addition to a fixed

prompt describing the task. In commercial services such as GPT by OpenAI [41],

query fees are non-trivial; therefore, maintaining cost-effectiveness is paramount.

As shown, the baseline method of comparing every possible pair of paragraphs is

infeasible. The largest cost savings emerge from the bucket-merging approach
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Bucketing Bucketing Parameters Cost in US$ Query Length

GPT-3.5 GPT-4

None None 2539.28 68471.06 2

Fixed k = 10 29.09 582.01 11

Variable ℓmax = 11, ℓmin = 3 26.84 544.51 9.44

τr = 0.85
Variable ℓmax = 11, ℓmin = 3 16.67 403.51 4.97

τr = 0.9
Merge ℓmax = 17, ℓmin = 11 21.13 393.38 13.61

τ
overlap

= 0.6
Merge ℓmax = 20, ℓmin = 11 20.02 348.37 15.96

τ
overlap

= 0.5

Table 3.1: Query length and cost comparison for the different paragraph bucketing

methods. The bucketing keywords refer to the different subsections, in which the

corresponding bucketing parameters are also explained. The None Bucketing refers

to no bucketing method being used: each paragraph in a document is paired for a

query with every other paragraph in the document. The cost is the estimated maximum

cost for the dataset of 30 documents. The LLMs for which the theoretical maximum

costs were calculated are GPT-3.5-turbo, denoted GPT-3.5, and GPT-4, using the values

from openai.com/pricing as of 27 October 2023 (the time when the experiments were

conducted). The actual query costs can be expected to be a bit lower, as the maximum

number of input and output tokens was usually not reached in our experiments. The

column Query Length displays the macro average of the number of paragraphs that were

assigned to each query of the LLM through different bucketing methods. The bold

configuration is the one used in the experiment. The table is adapted from our paper

[129].

with parameters ℓ
max

= 20 and τ
overlap

= 0.5, while the second most efficient

setting uses ℓ
max

= 17 and τ
overlap

= 0.6. These latter parameters are chosen for

our final experiment as they deliver substantial savings while still keeping the

large language model prompts relatively concise.

3.4 Experiments

This section presents the experiments undertaken to assess the performance of

the methods introduced in the previous section. We use three contradiction

detection datasets, described in detail in the following subsection. These include

an annotated, sentence-pair-level dataset from [128], as well as an annotated and

an unannotated document-level dataset introduced in [129].

https://openai.com/pricing
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3.4.1 Dataset 1: Annotated Sentence-Pair Data

Our dataset comprises 640 manually collected and annotated sentence pairs

in English, derived from published financial documents (annual reports) and

annotated by auditors at PricewaterhouseCoopers GmbH.

Two different procedures are used to build this dataset. In the first method,

annotators are given a paragraph from a financial document and asked to

formulate a plausible yet contradictory statement that could feasibly appear in

another financial report. This approach is chosen because genuine contradictions

in published documents are relatively uncommon, given that such documents

have typically undergone auditing by the time they are public. Using this

procedure, 145 examples are produced.

In the second method, annotators are presented with paragraph pairs that

have been matched in advance. These pairs come from financial reports and

satisfy two criteria: (i) they refer to the same legal requirement (based on

prior annotations), and (ii) they surpass a text similarity threshold of 0.8, as

computed by spaCy’s [171] document similarity metric. The paragraphs in

each pair may originate from different documents, creating a small but real

possibility of encountering genuine contradictions. Annotators label each pair as

contradiction, no contradiction, or not related. Pairs marked not
related typically discuss unrelated facts or events and are thus not relevant

for contradiction detection, so they are removed from the final dataset. This

second process yields 495 examples.

Table 3.2 presents several anonymised samples from our dataset. Because the

maximum sequence length is set to 512 tokens (covering premise, hypothesis,

and separator tokens), a small number of data points exceed this length and

must be excluded. Hence, our final dataset consists of 626 samples, of which

171 are labelled contradiction and 455 are labelled no contradiction,

leading to a slightly imbalanced label distribution.

For the additional pre-training and enhancement of the encoder-only model,

we draw on a collection of 47,000 paragraphs from English-language financial

statements. This corpus, named the Financial Statement and Notes Data,

is provided by the US Securities and Exchange Commission and is freely

available online.
7

7
sec.gov/dera/data/financial-statement-and-notes-data-set.html

https://www.sec.gov/dera/data/financial-statement-and-notes-data-set.html


3. Contradiction Detection 43

Paragraph 1 Paragraph 2 Label

Reversals of impairment losses

recognized in previous years

amounted to e in fis-

cal 2018 (2017: e ).

The largest reversal of impair-

ment losses was recognized

on in at

e (2017: e )

due to changed expectations re-

garding price developments.

As in the previous year, there

was no requirement to recognise

impairment losses or reversals of

impairment losses on intangible

assets in 2018.

contradiction

No significant events occurred

after the end of the fiscal year.

No events have occurred since

January 1, 2019, that will have a

material impact on the net assets,

financial position and results of

operations of .

no contradiction

The total value of fixed assets in

was e (previ-

ous year: e ) of which, as

in the previous year, none was

pledged as collateral.

The total value of fixed assets in

was e (previ-

ous year: e ) of which, as

in the previous year, e was

pledged as collateral.

contradiction

As was the case at December 31,

2017, no treasury shares are held

by at December

31, 2018.

The Executive Board is autho-

rized, subject to the approval

of the Supervisory Board, to

increase the share capital by

February 23, 2021, by up to

e once or in several

installments.

not related

Table 3.2: Example paragraph pairs from our financial sentence-pair contradiction dataset.

Information that can be used to identify a company or individuals has been anonymized.

The table is adapted from our paper [128].

Training Setup

For the encoder-only setup, as introduced and discussed in Section 3.3.1, we

initialise the model parameters from their respective pre-trained checkpoints

(XLM–RoBERTa–large
8
, FinancialBERT

9
, FinBERT

10
, and Financial–RoBERTa

11
).

We then perform a comprehensive grid search to identify optimal hyperparameters

for each model, evaluating different parameter and pre-training configurations

based on the validation contradiction classification F
1
-score on SNLI and/or our

proprietary financial contradiction dataset. Following this optimisation, we

8
huggingface.co/FacebookAI/xlm-roberta-large

9
huggingface.co/ahmedrachid/FinancialBERT

10
huggingface.co/ProsusAI/finbert

11
huggingface.co/abhilash1910/financial_roberta

https://huggingface.co/FacebookAI/xlm-roberta-large
https://huggingface.co/ahmedrachid/FinancialBERT
https://huggingface.co/ProsusAI/finbert
https://huggingface.co/abhilash1910/financial_roberta
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Table 3.3: Test set evaluation of the contradiction detection sentence-pair dataset. We

exclude the inferior configurations for FinancialBERT, FinBERT, and Financial–RoBERTa.

The abbreviation finCD stands for our proprietary financial contradiction detection

dataset. Whereas XLM-RoBERTa-large, FinancialBERT, FinBERT, and FinancialRoBERTa

are encoder-only models and are thus fine-tuned in a supervised manner, GPT-3.5 Turbo

and GPT-4 are decoder-only models and operate in a zero-shot environment. Both

approaches are described in detail in Section 3.3.1. The table is adapted from our papers

[128] and [129].

Configuration Recall in % Precision in % F
1

in %

XLM-RoBERTa-large

Fine-tuned on SNLI 70.59 68.57 69.57
Fine-tuned on finCD 67.65 76.67 71.88
Fine-tuned on SNLI & finCD 85.29 78.38 81.69
Pre-trained for POS-tagging and fine-tuned on SNLI 76.47 52.00 61.90
Pre-trained for POS-tagging and fine-tuned on finCD 82.35 80.00 81.16
Pre-trained for POS-tagging and fine-tuned on SNLI & finCD 88.24 90.91 89.55

FinancialBERT

Pre-trained for POS-tagging and fine-tuned on SNLI & finCD 61.76 60.00 60.67

FinBERT

Pre-trained for POS-tagging and fine-tuned on SNLI & finCD 64.71 56.41 60.27

Financial-RoBERTa

Pre-trained for POS-tagging and fine-tuned on SNLI & finCD 35.29 44.44 39.34

GPT-3.5 Turbo 86.12 86.59 86.36
GPT-4 93.01 93.47 93.24

adopt the AdamW optimiser [174] with a binary cross-entropy loss and a linear

warm-up of three epochs (for pre-training) or two epochs (for fine-tuning). The

entire training procedure uses a learning rate of 5 × 10−6
. During fine-tuning,

a dropout of 0.2 is applied.

Each model variant is trained for 15 epochs, and its best checkpoint is

determined via early stopping
12

. For the custom part-of-speech pre-training, the

model trains for a maximum of 25 epochs, since we observe slower convergence

compared to fine-tuning.

For the decoder-only approach, no training setup is required, because we

leverage a zero-shot framework, as described earlier.

Results

As shown in Table 3.3, our best-performing model achieves an F
1
-score of 89.55%

in financial contradiction detection, using an XLM–RoBERTa–large encoder with

part-of-speech pre-training and fine-tuning on both the SNLI and our proprietary

financial contradiction dataset.

12
Our highest validation set F1-score is observed at epoch 8.
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More specifically, we find that the pre-training procedure leads to a significant

improvement in performance. In addition, fine-tuning on both SNLI and the

financial dataset yields further gains in predictive accuracy. Notably, the XLM–

RoBERTa–large encoder demonstrates a clear advantage over all smaller models,

even though they were specifically trained for financial documents.

Looking at the results from GPT–3.5 Turbo and GPT–4, which were evaluated

in a prompting framework, the reported F
1

scores reveal that GPT–4 achieves the

highest performance at 93.24%, whereas GPT–3.5 Turbo reaches 86.36%. These

results confirm that GPT–4, even in a zero-shot scenario, outperforms the other

models across all three metrics, including the supervised XLM–RoBERTa–large.

Consequently, GPT–4 emerges as a promising option for tasks requiring highly

accurate positive predictions and strong recall, showcasing its real-world utility

without the need for domain-specific fine-tuning.

3.4.2 Dataset 2: Annotated Document Data

The document-level data for the second dataset is drawn from published reports

following both International Financial Reporting Standards (IFRS) and the German

Commercial Code (Handelsgesetzbuch, HGB). Five reports were selected under the

criterion that most of their content is presented in paragraph form rather than in

tables. Each report was then converted into machine-readable format, assigning

a unique paragraph identifier (paragraph id) to every paragraph.

We introduced contradictions into the documents using three main strategies.

In the first, annotators looked for redundancies, such that if two paragraphs

conveyed the same information (e.g., “Aragorn is the rightful King of Gondor”),

one was edited to create a contradictory statement (e.g., “Aragorn is only a simple

ranger”). The second approach centred on numerical contradictions. An example

would be a discrepancy in percentages that should sum to 100% (e.g., “The

Morgul-host army consisted of Orcs of Mordor (95%), as well as Trolls (3%),

Half-trolls of Far Harad (3%), Uruks of Mordor (2%) and the Nazgûl (0.001%)”).

Numerical contradictions also include mistakes in enumerations, mismatched

increases or decreases in values, and errors in simple calculations. Lastly, the

third category, denoted other, includes contradictions that ostensibly demand

a degree of general or world knowledge, such as placing a city in the wrong

country (e.g., “Edoras is a city located in Mordor”) or stating contradictory facts

about sustainability (e.g., “Saruman felling trees on the border of the Fangorn

Forest benefitted the environmental wellbeing of Isengard”).
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Table 3.4: Overview of generated contradictions for the annotated contradiction detection

document-level dataset. The table is adapted from our paper [129].

Dataset Documents Contradictions

Redundancy-based Numerical Other

IFRS 5 12 13 8
HGB 5 6 16 13

0 2 4 6 8 10 12 14 16
# of neighbors added

0%
25%
50%
75%

100%
IFRS Data

F1
Precision
Recall

0 1 2 3 4 5 6 7 8
# of neighbors added

0%
25%
50%
75%

100%
HGB Data

F1
Precision
Recall

Figure 3.6: Results when we add noise, i.e., neighbouring paragraphs, to the input of the

LLM. The figure is adapted from our paper [129].

All paragraphs containing these edited contradictions were recorded, permit-

ting them to be extracted easily with or without additional noise for subsequent

evaluation by the chosen large language models. Each of the five IFRS and

HGB reports contains approximately 30 contradictions. A detailed overview

is provided in Table 3.4.

Results

We leverage this dataset to examine the impact of noise on the performance of GPT–

4. Here, “noise” refers to the inclusion of context irrelevant to the contradiction

under scrutiny. To simulate this, we append “paragraph neighbours”, i.e.,

paragraphs immediately adjacent to the contradictory text, to the query. The

resulting performance outcomes are shown in Figure 3.6.

A key observation is that our model’s precision in finding and identifying

contradictions is significant; every contradiction it detects is indeed a valid one. In
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Table 3.5: The ranking system employed by financial auditors when evaluating the output

of the language model. This system is only applicable if no annotations exist, i.e., in the

case of dataset 3. The table is adapted from our paper [129].

Score Description

1 There is a contradiction in the paragraphs provided in the prompt.

2 There is no contradiction in the paragraphs provided in the prompt, but the formulation

in the text is ambiguous and could be interpreted as a contradiction. Ideally, the

formulation will be corrected to clear up any ambiguities. The artifact found is therefore

relevant for the review.

3 There is no contradiction in the paragraphs provided in the prompt. However, this

becomes apparent only in the context of missing information. Therefore, there is no

contradiction, but it is justified to report the existence of a contradiction based on the

information contained in the prompt.

4 There is no contradiction in the paragraphs provided in the prompt. The existing

justification is technically incorrect, but this can be attributed to a lack of specific subject

knowledge or faulty interpretations of terms on the part of the LLM.

5 There is no contradiction in the paragraphs provided in the prompt. The justification

is also generally unusable, as it makes no sense, is not machine-readable because the

output formatting specifications were not followed, or it is missing completely.

contrast, the recall is a bit lacking. Even so, without any added noise, we achieve

F
1
-scores of 46.51% and 55.67% for the IFRS and HGB datasets, respectively. We

also confirm our expectation that including additional paragraphs (i.e., noise)

in the query impairs performance. This outcome informs our decision on the

maximum permissible number of paragraphs for the third and upcoming dataset

and approach, as we already discussed in Section 3.3.2.

3.4.3 Dataset 3: Unannotated Document Data

The third dataset consists of 30 previously published and audited German

financial reports in the International Financial Reporting Standard (IFRS) format.

Because these reports are unannotated, we evaluate the results by presenting

the model outputs to expert financial auditors, who score them based on how

helpful they are for examining the financial report and identifying potential

contradictions. The scoring system is detailed in Table 3.5.

After parsing, which includes removal of headings and single word paragraphs,

as these provide insufficient context to hold contradictions, each document

contains, on average, 261.1 paragraphs, with a median of 190.5. Furthermore,

the macro-average and macro-median paragraph lengths are 46.2 and 35.0

words, respectively.
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Table 3.6: Our contradiction detection model’s output ranked by professional auditors.

The table is adapted from our paper [129].

Score Frequency (absolute) Frequency (in %)

1 23 8.84
2 75 28.85
3 70 26.92
4 50 19.23
5 42 16.15

Results

Generally speaking, one would expect published and audited financial documents

to be free of contradictions [175]. Therefore, based on this reasoning and the

scoring system in Table 3.5, any contradiction reported by GPT–4 should to have

been rated a 2 or higher by the professional auditors.

Nevertheless, Table 3.6 shows that even thoroughly audited and published

financial reports can still contain genuine contradictions. Remarkably, almost

9% of the identified contradictions were confirmed as valid, and a substantial

portion (28.85%) was deemed ambiguous but could be interpreted as holding

contradictory statements.

In addition, the auditors tasked with reviewing the model’s outputs expressed

strong enthusiasm for the analysis provided, noting that such an approach

could prove highly useful in their day-to-day auditing activities. Although this

represents a more qualitative, “soft” metric, it underscores and emphasises the

practical value of our framework.

It is important to note that, due to the datasets unannotated nature, only

precision, i.e., whether a detected contradiction is indeed a contradiction, can be

measured. Therefore, the recall, i.e., the proportion of all existing contradictions

that are actually detected, remains unknown.

3.5 Conclusion

This chapter demonstrated how machine learning, particularly LLMs, can

effectively identify contradictions in financial documents. We propose two

complementary methodologies: the first leverages a transformer-based classifier,

notably an XLM–RoBERTa–large model further pre-trained on POS tagging and

then fine-tuned on both the SNLI [127] corpus and a proprietary financial contra-

diction dataset. This approach achieves an F
1
-score of 89.55%, surpassing smaller
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encoder models specifically pre-trained on and for financial data (FinancialBERT,

FinBERT, and Financial–RoBERTa). Our findings suggest two possible reasons

for this performance gap: First, the smaller size of the financial-domain models

and, second, the limited transferability of their domain-specific pre-training to

the task of financial contradiction detection.

Building on this classifier-based system, we also introduced a novel LLM-

driven approach that tackles the challenge of detecting contradictions within full

financial documents. A key innovation lies in our bucketing strategy, designed

to mitigate the combinatorial explosion of pairwise paragraph comparisons for

detecting contradictions. By intelligently grouping paragraphs, for example, via

fixed-length buckets, variable-length buckets, or bucket merging, we reduce the

number of necessary queries to commercial LLMs by up to 47%. Empirical evalu-

ations on multiple datasets, including publicly available as well as confidential

reports, show remarkable performance of our model and can confirm that even

audited reports may occasionally contain genuine contradictions.

These results have several implications for both research and practice. First,

they illustrate the power and potential of language models, either encoder-only

or decoder-only, to uncover contradictions and inconsistencies beyond purely

numeric mismatches, thereby enhancing the auditing process. Second, they

underscore the importance of recognising the possibility of contradictions in

published financial reports, suggesting that current auditing practices may benefit

and further improve from additional automated contradiction checks. Third,

they highlight the need for careful control of query length and complexity,

particularly in commercial LLM settings where both token costs and response

quality play key roles.

Looking ahead, we foresee several key avenues for future research. One

priority is the integration of our contradiction detection pipeline into a production-

level, machine-learning-enhanced auditing software custom-made for auditing

firms. By doing so, we can continually collect real-world feedback and use

these data to refine and improve the model’s performance. Additionally, we

plan to expand coverage to other languages other than German and English,

especially for smaller companies that release annual financial reports exclusively

in their language. Generating financial contradictions in a more automated

manner, using a specialised or general generative model, may also alleviate the

labour-intensive nature of manual annotation. A closely related challenge is

pre-filtering paragraph pairs at scale; various strategies may be tested, including a

three-way classifier (contradiction, no contradiction, or not related)
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or two-step pipelines combining heuristic or learned filters with a contradiction

detection model. Another promising direction is incorporating document-level

context, for instance by linking a transformer model to a recurrent mechanism

that reads paragraphs sequentially. Finally, adopting more advanced clustering

algorithms, such as HDBSCAN [176] or Deep Gaussian mixture models [177],

may also improve the bucketing step’s effectiveness.

Taken together, we think these directions promise to strengthen automated

financial auditing and ensure increased transparency, accuracy, and efficiency

for the industry.

Beyond financial reporting, the methodologies and insights presented here

have broader implications for contradiction detection across a diverse set of fields.

The fundamental challenge of maintaining consistency in complex, multi-source

documents extends to legal contracts, medical records, scientific publications,

policy documents, and journalistic reporting, to name but a few. In each of these

domains, contradictions can have serious consequences: legal disputes arising

from inconsistent contract terms [178], patient safety risks from conflicting medical

instructions [179], or erosion of public trust when policy statements contradict

one another [180]. The hybrid approaches we have developed, combining

transformer-based architectures with paragraph clustering, offer a generalisable

framework that can be adapted to domain-specific requirements. Moreover,

the insights gained from our bucketing strategies and our empirical analysis

of how noise affects model performance provide valuable guidance for NLP

researchers and practitioners working with long-form documents in any field

where factual consistency is paramount. As LLMs continue to advance [48],

we theorise that automated contradiction detection will become an increasingly

essential component of quality assurance workflows across numerous sectors,

helping to uphold the integrity and reliability of written communications in

an era of abundant information.



Οὖτις ἐμοί γ΄ ὄνομα.

———

Noman is my name.

— Homer in Odyssey [181], translation by Pope [182]
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This chapter explores advancements in Named Entity Recognition

(NER) through hybrid representation learning. While ever-larger

language models (LLMs) with ever-increasing capabilities are now

well-established text processing tools, NER tasks have, until recently,

largely remained reliant on the previous generation of encoder-only

transformer models. Addressing this, the chapter first introduces a

significant contribution: Informed Named Entity Recognition Decod-

ing (iNERD), a novel and effective approach that reconceptualises

NER as a generative process. iNERD leverages the sophisticated

language understanding capabilities of recent generative models in a

future-proof manner. It employs an informed decoding scheme that

51



4. Named Entity Recognition 52

incorporates the restricted nature of information extraction into open-

ended text generation, thereby improving performance and efficiency

whilst eliminating any risk of hallucinations. The iNERD model

was coarse-tuned on a merged named entity corpus to strengthen its

performance, and its evaluation across five generative language models

on eight NER datasets demonstrated remarkable results, particularly

in environments with an unknown entity class set, highlighting its

adaptability. Subsequently, the chapter extends the investigation of

LLMs in NER to a specialised and challenging domain: legal texts. We

present a comprehensive comparative analysis of eleven state-of-the-

art LLMs, including models such as GPT-4 and Llama-3, on legal NER

tasks. The study spans seven diverse datasets across five languages.

The findings reveal significant variability in LLM performance across

different languages and legal contexts, with proprietary models like

GPT-4 achieving the highest overall scores.

4.1 Introduction

This chapter is based on our publications “Informed Named Entity Recognition
Decoding for Generative Language Models” (co-authored with Lars Hillebrand,

Christian Bauckhage, and Rafet Sifa) and “A Comparative Study of Large
Language Models for Named Entity Recognition in the Legal Domain” (co-

authored with Cong Zhao, Lorenz Sparrenberg, Daniel Uedelhoven, Armin

Berger, Maren Pielka, Lars Hillebrand, Christian Bauckhage, and Rafet Sifa),

both published in the proceedings of the 12th IEEE International Conference
on Big Data [14, 183].

Extending the hybrid paradigm established in the previous chapter, which

combined specific pre-training, a clustering approach, and language models, this

study applied this paradigm to named entity recognition (NER), a foundational

task within information extraction. The landscape of natural language processing

is now largely defined by the capabilities of generative large language models

(LLMs) [184, 185]. Their proficiency in tasks requiring fluid text generation and

deep contextual understanding is undisputed [129, 186]. Yet, the foundational

task of NER, a cornerstone of information extraction, has lagged behind, often still

relying on the previous generation of fine-tuned, encoder-only architectures, as

seen in [187–190]. This chapter seeks to fill this research gap by exploring how the

power of modern generative large language models can be effectively and reliably

leveraged for the structured task of NER and introduces a novel constrained

decoding strategy that we dubbed Informed Named Entity Recognition Decoding,

shortened to iNERD.
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4.1.1 Motivation and Context

At the heart of the challenge lies a fundamental problem: the open-ended,

probabilistic nature of generative models clashes with the deterministic, high-

precision requirements of information extraction. For NER, an output must

be factually correct and structurally exact; there is no room for the creative

confabulation or “hallucination” that might plague generative models [52, 191].

This makes the direct application of LLMs to NER a non-trivial problem that might

demand more than simple prompting. The goal is to transform an unstructured

sentence into a set of perfectly categorised entities, as shown in the example below.

Input: “Before the War of the Ring started, Buckland & Brandywine Brews

Organisation

sent a delegation from The Shire

Location

to meet with Queen Galadriel

Person

in Lothlórien

Location

.”

The expected structured output from this process would be something in the form

of:

(Buckland & Brandywine Brews, Organisation), (The Shire, Location), (Queen

Galadriel, Person), (Lothlórien, Location)

To achieve this reliably with a generative model, we devise a new methodology,

one that can leverage the model’s strengths while strictly governing its output.

This challenge forms the central motivation for the research presented hereafter.

4.1.2 Our Contributions

The work in this chapter makes two primary contributions towards modernising

NER, approaching the problem from two distinct angles. The research introduces:

• A Novel Generative Framework (iNERD): We devise a novel framework

that reformulates NER as a constrained generation task. The Informed
Named Entity Recognition Decoding (iNERD) method fine-tunes decoder-

only LLMs to produce a structured text output containing all entities

and their types. Crucially, its hybrid nature is embodied by an informed

decoding algorithm that acts as a guardrail, forcing the model to adhere

to the rigid syntax of the NER task. This fusion of learned representations

with rule-based constraints not only makes the system future-proof but

guarantees hallucination-free output, a critical requirement for any reliable

information extraction system. The system was introduced in our paper
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“Informed Named Entity Recognition Decoding for Generative Language

Models” [183].

• A Comprehensive Benchmark for Legal NER: To contextualise our primary

contribution, we also map the performance landscape of applying LLMs

to NER via the common method of few-shot prompting. This second

study presents an exhaustive evaluation of eleven LLMs, both proprietary

and open-source, on a set of seven legal NER datasets in five languages.

By probing their “out-of-the-box” capabilities, we establish important

baselines and expose the significant performance volatility and brittleness

of prompting-based approaches, especially when faced with specialised

language and strict formatting.

Through this dual-faced investigation, the chapter constructs a comprehensive

argument for the potential next generation of NER systems. We begin by

proposing and validating a powerful, fine-tuning-based solution that aligns

generative models with the needs of information extraction. We then use a

wide-ranging benchmark study to demonstrate the limitations of less-structured,

prompt-based alternatives. Therefore, we reinforce the central theme of this

thesis: that truly robust and advanced information extraction is best achieved

through hybrid representation learning, where the formidable power of neural

models is guided and controlled by explicit structural knowledge.

4.2 iNERD

Recent public releases of large language models (LLMs) with human-like writing

skills have drawn unprecedented attention to natural language processing (NLP).

Indeed, the performance of transformer-based LLMs increases notably, and they

develop “emergent abilities”, i.e., their performance increases significantly, when

the number of their parameters exceeds a certain level [192].

On the other hand, tasks not based on generative transformers, such as

sentiment analysis, contradiction detection, or named entity recognition, have

been given lower priority in this latest push in NLP. At the time of writing the

paper, they were usually and often are tackled using “encoder-only”
1

language

1
“Encoder-only” refers to transformer models which only consist of encoder blocks. This

contrasts with the original encoder-decoder structure proposed by [6] or the “decoder-only”

structure of generative models [193].
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models [128, 194, 195], which are typically much smaller than their “decoder-

only” counterparts, or by prompting rather than fine-tuning such large language

models, as seen in Section 4.3.

Here, we intend to narrow the gap between generative and extractive NLP

and introduce a novel named entity recognition (NER) framework. Our Informed

Named Entity Recognition Decoding (iNERD) approach has three main features:

First, it utilises proven capabilities of “decoder-only” models. Our current

approach works with the latest generative LLMs but can easily incorporate

even better models once they become available and thus, keep pace with

rapid release cycles [196], making it future-proof, computationally efficient,

and quick to upgrade.

Second, we exploit the extensive pre-training and the resulting language

understanding capabilities of state-of-the-art LLMs. Our approach involves an

informed decoding algorithm that eliminates any hallucinations from which

current models might suffer [197] and improves performance by ruling out

impossible tokens during generation. To strengthen the model’s understanding

of the NER task, we “coarse-tune” each language model by training on a merged

corpus of all NER datasets prior to fine-tuning.

Third, we propose a simple decoding strategy that allows for casting the

extractive task of named entity recognition as a generative task. Our idea is to

let the model generate extended texts of the following form:

“King Théoden accepts Gondor’s call to boycott exports from Mordor. <CT>
Person <TCS> King Théoden <ES> Location <TCS> Gondor <ES> Location

<TCS> Mordor <ES>”,

where the special tokens inside angular brackets signal the start of the entity

string (<CT> for <CombineToken>), separate entity type and entity content

(<TCS> for <TypeContentSeparator>), and identify different entities (<ES> for

<EntitySeparator>). During inference, we enforce this structure and therefore,

reduce the complexity of the generation step.

Extensive evaluations show that this approach achieves remarkable perfor-

mances in various NER settings, ranging from general-purpose over biomed-

ical to finance.

In short, our contributions are the following:

• We propose a novel future-proof architecture to cast the extractive process

of named entity recognition as a generative one, incorporating natural
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language understanding capabilities of generative models into the process.

• We introduce a novel decoding strategy for such an architecture, which

prevents the model from hallucinating and improves performance.

• We “coarse-tune” decoder-only models like Llama [96] or GPT-2 [39] on a

merged named entity recognition dataset to further improve the contextual

awareness of these models for NER tasks.

• We publicly provide our code as well as the weights of our best-performing

model
2
.

Next, we review recent related work. We then elaborate on our framework, our

encoding scheme for named entities, and the corresponding informed decoding.

Afterwards, we discuss our experimental protocol and the results obtained

on eight benchmark datasets. Section 4.2.4 summarises our main results and

provides an outlook on promising future work. We close with a statement on

the potential ethical impact of our approach.

4.2.1 Related Work

Named entity recognition [198] is a fundamental task in text mining and natural

language processing. Among others, it allows for anonymisation [199] or relation

extraction [11] and, owing to its practical importance, has been studied with respect

to standardised corpora early on (e.g., the CoNLL-2003 data collected by [200]).

Prior to the deep learning revolution, NER was usually tackled in a rule-

based manner [201] or with unsupervised or feature-based supervised learn-

ing [202–205].

In their seminal paper on BERT, an encoder-only transformer, [32] achieved

remarkable results on the CoNLL-2003 data by adding a classifier on top of

the encoder and fine-tuning the model. Much subsequent work on similar

approaches towards NER then focused on improved context awareness. To name

but a few, [206] fused hierarchical contextualised representations with input

token embeddings, [207] applied additional pre-training aimed at biomedical

texts, and [208] added a conditional random field on top of BERT. Going even

further, [209] forced entity extraction during pre-training and [187] added a

co-regularisation framework for entity-centric information extraction to achieve

state-of-the-art results. Nevertheless, all of these approaches are built upon an

2
github.com/tobideusser/inerd

https://github.com/tobideusser/inerd
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encoder-only transformer model and are unsuited to incorporating the decoder-

only transformer architecture powering the recent popularity and success of

natural language processing.

Closest to the ideas proposed in this paper, [210] formulated NER as an

entity span sequence generation task, in which they added special tokens to

their vocabulary to then generate entities and their types in an autoregressive

fashion. [211] extended this to cover more tasks in the information extraction

field. Similarly, [212] added “structure-building actions” to their vocabulary, to

enable the model to generate entity boundaries and [213] employed a structured

graph generation approach to generate graphs representing relations of entities.

The advantage of our approach compared to the one mentioned is that we do

not add the entity type tokens as special tokens, but as regular tokens already

known to the model. In a way, this has been studied in [214] and in [215], where

the extraction task was modelled as a translation task with an encoder-decoder

setup, but both did not introduce a way to control for model hallucinations and

used different templates. Furthermore, [216] utilised the GPT–3 [40] API to tag

entities in a sentence in zero- and few-shot approaches. [217] introduced the

concept of generative information extraction, which utilised generative language

models to extract information in the form (subject, relation, object), and [218]

applied a constrained decoding algorithm to extract events from textual data.

Both applied a decoding algorithm similar to informed decoding but in a different

setup and in an encoder-decoder framework. [219] used “Pattern-Exploiting

Training” and a “verbaliser” to utilise an encoder-only setup to model various

patterns, but did not study NER or a “decoder-only” setup.

In recent years, the field of generative language models expanded rapidly [48,

196, 220], driven by its prominent place in public discourse [221, 222], and many

new models emerged and were studied, e.g., Llama [96] and its second [97] and

third [98] iteration, RedPajama [223] or Mixtral [224]. A critical property of such

a LLM is that performance experiences a remarkable increase once the model’s

scale, i.e., its parameter size, surpasses a certain threshold, dubbed “emergent

abilities of LLMs”, studied in [192] and [225]. Due to the sheer size of these

models, reaching into the hundreds of billions, it is apparent that training and

even fine-tuning them is costly and time-consuming [226–228]. To alleviate this

and make the training of pre-trained LLMs accessible to a broader audience,

[229] introduced LoRA, a framework that freezes the pre-trained model weights

and injects trainable rank decomposition matrices into the transformer layers.

Regardless, these LLMs are trained to be capable text generation tools and are,
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Figure 4.1: Illustration of Named Entity Recognition as a token classification task with

the IOB tagging scheme. Each input token is classified either as B-Entity type, I-Entity

type, or O. The figure is adapted from our paper [183].

at their state when our paper was written and without extensive prompting,

mostly incompatible with other NLP tasks like NER [230, 231], a flaw that we

alleviate with the iNERD approach introduced in this work.

4.2.2 Methodology

Here, we describe how we formulate named entity recognition (NER) as a

task suited for generative language models. Following this, we shed light on

how our algorithm for Informed Named Entity Recognition Decoding (iNERD)

and the complete setup are defined and highlight its advantages compared

to other approaches.

Named entity decoding

NER is usually formulated as a “token classification” task, as seen in [232] or [233].

In such a setup, an embedding of each token is generated using a text encoder,

often an encoder-only transformer model like BERT [32]. This embedding is then

fed into a classifier, which can be anything from a simple logistic regression to a

more involved deep neural network to classify each token as either a part of an

entity or not. This prediction generally has to include the entity start and entity

end information, which can be achieved with, among others, the IOB tagging

scheme [234]. Figure 4.1 illustrates this setup.

In contrast, we propose to model this task as a generative process, simplifying

its machine-learning components to just one building block: a decoder-only

transformer model.

To formalise this, we define the input x for our generative model during

the training phase for n entities e as
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x = s
entance

⊕ w
CT
⊕

n∣∣∣∣∣∣ (we ⊕ w
CT
⊕ se ⊕ w

EST
)

= s
entance

⊕ w
CT
⊕ sE,

(4.1)

where

• ⊕ is the concatenation operator,

• s
entance

the actual input sentence from which we intend to extract entities,

• w
CT

the “combine token”,

• we the type of entity e (from the set of entity classes 𝔼),

• w
TCS

the “type-content separator” token,

• se the actual entity,

• w
EST

the “entity separator token”,

•

∣∣∣∣n
concatenates its input along the number of entities n.

The concatenation

∣∣∣∣n (we ⊕ w
CT
⊕ se ⊕ w

EST
) is the entity string sE of our input

x, i.e., what is unknown during inference and has to be predicted.

To make Equation 4.1 more accessible, we can illustrate it with the example

presented in the beginning:

“King Théoden accepts Gondor’s call to boycott exports from Mordor. <CT>
Person <TCS> King Théoden <ES> Location <TCS> Gondor <ES> Location

<TCS> Mordor <ES>”,

in which

• s
entance

is the input sentence “King Théoden accepts Gondor’s call to boycott
exports from Mordor”,

• w
CT

the string “<CT>”,

• we the entity types “Person” and “Location”,

• w
TCS

the string “<TCS>”,

• se the actual entity content “King Théoden”, “Gondor’s” and “Mordor”,
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• w
EST

the string “<ES>”,

• sE the entity string “<CT> Person <TCS> King Théoden <ES>Location <TCS>
Gondor <ES> Location <TCS> Mordor <ES>”.

We can then fine-tune the pre-trained decoder-only model to predict each

token of the input I autoregressively using teacher forcing [235], i.e., the causal

language modelling task is unchanged for these models. We calculate the loss

on all predicted tokens after the combine token, w
CT

.

Compared to the approach introduced in [210], the advantage of our framework

for named entity decoding is that we do not add entity type tokens w
EST

as special

tokens, but as regular tokens already known to the model. Their approach, where

the example sentence above becomes “King Théoden accepts Gondor’s call to

boycott exports from Mordor. <PER> King Théoden <LOC> Gondor’s <LOC>
Mordor”, loses the meaningful embedding a transformer model has learned for

w
EST

, i.e., the model has to learn anew what the introduced special tokens mean.

Furthermore, to eliminate any yet unknown special token from the training data,

one could replace all special tokens with meaningful replacements already known

to the model: the tokens “\n”, “:”, and “;” for w
CT

, w
TCS

, and w
EST

, respectively.

Informed named entity recognition decoding

In the previous section on Named entity decoding, we only considered the training

process, in which we apply teacher forcing to correct the model if it “makes

a mistake” during the generation to accelerate convergence. However, during

inference, applying teacher forcing would either be cheating or simply impossible

if no ground truth exists.

Nevertheless, we do know quite a bit about what tokens to expect at a certain

point during inference, described by these four rules:

1. After the combine token w
CT

or the entity separator token w
EST

, the entity

type token we or the end-of-sequence token has to be predicted.

2. After predicting the entity type we, the type-content separator w
TCS

has to

be predicted.

3. After the type-content separator w
TCS

, any token from the input s
entance

may

be predicted (signalling the start of the entity e).
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Algorithm 1 iNERD for a batch size of 1

Input: Scores ŷscore with the size of the vocabulary, input IDs sentance holding the

considered sentence and prior predictions

Parameters: Combine token w
CT

, entity separator token w
EST

, type content separator

token w
TCS

, set of entity type tokens 𝔼
Output: Updated scores ŷ

iNERD
with iNERD applied

1: Let wp be the previously predicted token, i.e., the last token in the sequence x.

2: Let β be a boolean value representing if we are in the “entity generation phase”, i.e.,

if in the reversed sequence of x we can find the token w
TCS

before we can find the

token w
EST

.

3: Let sentance be the sentence considered, i.e., everything of x before the token w
CT

.

4: if wp = w
CT

or wp = w
EST

then
5: Mask ŷscore to only allow entities in 𝔼 or the end-of-sequence token.

6: else if p ∈ we then
7: Mask ŷscore to only allow w

TCS
.

8: else if β then
9: if wp = w

TCS
then

10: Mask ŷscore to only allow tokens present in sentance.

11: else
12: Mask ŷscore to only allow the token after wp in sentance or w

EST
.

13: end if
14: end if
15: Set ŷ

iNERD
to ŷscore

16: return ŷscore

4. After a token from the input s
entance

has been predicted, the only allowed

tokens for prediction are either the entity separator token w
EST

(signalling

the end of the entity e) or the token following the previous token in the

input s
entance

(signalling the continuation of the entity e).

These four rules comprise the Informed Named Entity Recognition (iNERD)

algorithm, as illustrated in Algorithm 1. This algorithm is implemented as a

post-processing step and is executed after the model calculates the score over its

vocabulary and before mapping this score to the actual token to be predicted.

The advantages of this approach are clear: First, the decoder-only model

is unable to hallucinate, as any prediction that does not follow the decoding

scheme introduced in Equation 4.1 is simply masked out, i.e., the score of this

token is set to zero. Second, we can apply this model to unseen data and still

expect reasonable results if we define our set of entity type tokens 𝔼 beforehand,

as later shown in the Experiments section.
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Input s
entance

:

King Théoden accepts Gondor’s call to boycott

exports from Mordor. <CT>
GLM
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...
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...

...
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...

...

zythum
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...

...
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...

...
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...
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0.0090
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0.0000

0.0000
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token:

Person

Append & repeat
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is predicted.

Figure 4.2: Illustration of the first step taken during the inference pipeline of our complete

model setup. The model starts with the Input sentance as shown in Equation 4.2, which

is fed into the generative language model (GLM). This outputs a score vector Ŷscore

over the vocabulary, which in turn is processed by the iNERD algorithm as described

in Algorithm 1. The highest-scoring token from the vocabulary is then appended to

the input, and the process starts anew. This is repeated until the model predicts the

end-of-sequence token. The figure is adapted from our paper [183].

Complete Model Setup

Now, we can build our model with the blocks introduced previously. First, we

transform our input to the structure described in Equation 4.1, which during

training contains the entity string sE , but becomes

I
Inference

= s
entance

⊕ w
CT

(4.2)

during inference. This is passed through the generative language model, which

assigns a score ŷ
score

to each token in the vocabulary. The resulting score vector

ŷ
score

is the input to the iNERD algorithm, as described in Algorithm 1. This

masks out impossible tokens for the current step, resulting in an updated score

vector S
iNERD

, which is then used to calculate the next token by taking the one

with the highest score ŷ
iNERD

. This token is concatenated with the input and the

whole process is repeated until the model predicts the end-of-sequence token.

Figure 4.2 illustrates this procedure for the first two steps.

4.2.3 Experiments

To practically evaluate the merits of our approach, we conducted experiments

on eight datasets. Here, we describe our protocol, discuss data and results, and

point out the strengths and flaws. We report the performance in micro-F
1

in %.
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We use the model setup introduced in the previous section for all our

experiments and compare it to various benchmarks from other approaches.

We test various decoder-only language models for this setup, namely the 1.5

billion-parameter GPT2–XL [39], the 2.7 billion-parameter BioMedLM [236], the

3 billion-parameter RedPajama [223], and the 7 and 13 billion-parameter Llama

[96]. Additionally, we apply LoRA [229], a framework that freezes the pre-trained

model weights while integrating trainable rank decomposition matrices into the

transformer layers, to every model with a parameter size above 3 billion.

Our general approach is as follows. We first coarse-tune on our merged

NER dataset. We then evaluate each model without additional fine-tuning on the

test set of each dataset and report the results in Table 4.1. This shows how our

approach can generalise from a noisy dataset with a varying entity set 𝔼 to a

specific dataset with a clearly defined entity set. After coarse-tuning, we fine-tune

on the respective training set. Additionally, we conduct an ablation study to

highlight the improvements of each component of our approach.

Due to the sheer computational complexity, we only run each experiment

once and do not test various seeds to take the average of each run. Furthermore,

and for the same reason, we apply no hyperparameter tuning in this scenario.

The fixed hyperparameters we used are an (accumulated) batch size of 16, a

learning rate of 0.00001 with a weight decay of 0.01 for the Adam optimiser with

weight decay [174]. The LoRA configuration, if applicable, is 8 for the rank of

the update matrices, 32 for the scaling factor, and 0.1 for dropout. We are certain

that the performance of our approach can be further improved if one focuses

on a singular dataset and finds the optimal hyperparameter configuration for

each dataset, but the computational cost of doing such a hyperparameter search

is immense and beyond our financial scope and the general scope of this study,

which aims to point out the general merits of our approach.

All experiments were run on a shared GPU cluster outfitted with the 40GB

and 80GB versions of the Nvidia A100 GPU, an AMD EPYC 7742 CPU, and 512GB

of RAM. The code is implemented in PyTorch and PyTorch Lightning, and the

initial model weights were loaded from HuggingFace.

Data

We train and test on a total of eight datasets to show where our approach

demonstrates notable and promising performance. Special attention is placed on

the most prominent of these eight, the CoNLL–2003 dataset [200] featuring four
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different entity classes and its second iteration CoNLL++ [237], which corrected

5.38% of the apparently wrongly annotated test sentences.

Furthermore, we include the OntoNotes [238] and Few–NERD [239] datasets,

which are similar to CoNLL–2003 but have more granular entities (18 and

66 entity classes, respectively). For example, whereas in CoNLL–2003, we

only have a coarse-grained entity type “Person”, this is split into eight types

in Few-NERD: “Actor”, “Artist/Author”, “Athlete”, “Director”, “Politician”,

“Scholar”, “Soldier”, and “Other”.

Going a different route, the WNUT-17 [240] dataset features six different

entity classes and focuses on identifying unusual, previously unseen entities

in the context of emerging discussions. We also include three domain-specific

datasets, two focusing on biomedical named entities (JNLPBA in [241] and

NCBI-Disease in [242]) and one on financial ones (FiNER-ORD in [243]). The

two biomedical datasets have five and one different entity classes, respectively,

and the financial NER dataset has three.

The combined length of these datasets is 290,317 sentences for the training set,

42,016 for the validation set, and 60,477 sentences for the test set.

Coarse-tuning

As a first step, we merge all training splits of the previously discussed datasets

and train a language model to predict the entity string sE . We refer to this step

as “coarse-tuning” the pre-trained language model, as it involves infusing the

model with a general understanding of named entities.

It is important to note that the models must handle considerably noisy data

because the set of entity type tokens 𝔼 vary across datasets. For example, the

CoNLL-2003 dataset has four different entity type tokens, whereas the Few-NERD

dataset has 66. Despite this variability, we hypothesise that by exposing the model

to the general structure introduced in Equation 4.1, it can gain valuable insights.

Specifically, the model might learn to associate coarse-grained entity types, such as

“Organisation” in CoNLL-2003, with their fine-grained subtypes, like “Company”

in Few-NERD. This hypothesis is later confirmed in the ablation study.

Results without dataset specific fine-tuning

Looking at Table 4.1, it becomes apparent that strong performance across a set

of diverse datasets is attainable without applying specific fine-tuning on the

respective training dataset. An interesting observation is that a larger model size
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Table 4.1: Results after coarse-tuning on our eight datasets. The Micro-F
1

score is reported

in % on each test dataset before fine-tuning and after coarse-tuning each model on the

complete dataset, except BioMedLM, which was only coarse-tuned on the bio-medical

domain. We applied LoRA to all models with a size above 3 billion parameters. We do not

report the performance of bio-medical coarse-tuned GPT2-XL and Llama-7b variations, as

they show worse performances than the general coarse-tuned ones. The table is adapted

from our paper [183].

(a) F1 scores in % on CoNLL-03, CoNLL++, OntoNotes, and Few-NERD.

Model CoNLL-03 CoNLL++ OntoNotes Few-NERD

iNERD + ...
GPT2-XL 89.57 90.54 83.39 50.95
BioMedLM - - - -
RedPajama 91.06 92.09 86.93 51.25
Llama-7b 90.33 91.83 83.19 51.01
Llama-13b 90.88 92.09 81.68 50.22

(b) F1 scores in % on WNUT-17, JNLPBA, NCBI-Disease, and FiNER-ORD.

Model WNUT-17 JNLPBA NCBI-Disease FiNER-ORD

iNERD + ...
GPT2-XL 43.40 58.49 79.30 75.96
BioMedLM - 59.06 84.05 -
RedPajama 49.03 57.65 81.17 80.69
Llama-7b 43.41 46.70 77.46 74.13
Llama-13b 39.90 57.85 75.37 75.56

does not consistently yield improved performance outcomes. Our largest studied

model, the 13-billion parameter version of Llama, can mostly beat its smaller

sister, the 7-billion version, but is largely overcome by the drastically smaller

RedPajama (3-billion parameter). We theorise that the most likely explanation for

this phenomenon is that during coarse-tuning, we apply LoRA to both Llama

models to be able to train them in a reasonable time frame, which reduces the

number of trainable parameters drastically. Therefore, for datasets with many

entity classes 𝔼, like Few-NERD and OntoNotes, models with LoRA applied

struggle to learn the subtle nuances between different classes and thus fail to

outperform smaller models, likely because their available updatable parameter

size is simply too small to fit these nuances.

Another insight is that pre-training on a specific domain helps the model

during named entity decoding immensely, as shown in the performance of

the BioMedLM model. We see this as a vast opportunity for domain-specific

pre-training of generative language models to make smaller models usable

for the iNERD approach.
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Table 4.2: Results after fine-tuning on each specific dataset. The Micro-F
1

score is reported

in % on each test dataset after fine-tuning. Each table is divided into two parts. The first

shows the performance of iNERD plus a generative language model. The second part

shows the performances of various encoder-only approaches. BERT-Base and BERT-Large

are taken from [32], BioBERT from [244], PL-Marker from [188], FiNER-LFs from [243],

CrossWeigh from [237], and CL-KL from [208]. The table is adapted from our paper [183].

(a) F1 scores in % on CoNLL-03, CoNLL++, OntoNotes, and Few-NERD.

Model CoNLL-03 CoNLL++ OntoNotes Few-NERD

iNERD + ...
GPT2-XL 91.51 92.71 86.15 51.63
BioMedLM - - - -
RedPajama 91.06 92.09 87.71 51.81
Llama-7b 92.75 94.10 84.27 51.72
Llama-13b 93.09 94.21 84.58 51.13

BERT-Base 92.4 - - -
BERT-Large 92.8 - - -
BioBERT - - - -
PL-Marker 94.0 - 91.9 70.9
FiNER-LFs - - - -
CrossWeigh 93.43 94.28 - -
CL-KL 93.85 94.81 - -

(b) F1 scores in % on WNUT-17, JNLPBA, NCBI-Disease, and FiNER-ORD.

Model WNUT-17 JNLPBA NCBI-Dis. FiNER-ORD

iNERD + ...
GPT2-XL 53.25 58.70 83.79 81.69
BioMedLM - 60.08 86.37 -
RedPajama 55.26 59.38 85.75 82.82
Llama-7b 55.59 57.91 80.81 82.42
Llama-13b 55.76 59.27 85.07 83.75

BERT-Base - - 86.37 -
BERT-Large - - - -
BioBERT - 77.59 89.71 -
PL-Marker - - - -
FiNER-LFs - - - 79.48
CrossWeigh 50.03 - - -
CL-KL 60.45 - 88.96 -

Even though the performances reported are not zero-shot, as a small part of the

coarse-tuning dataset consists of the training dataset of the respective dataset, this

still demonstrates the impressive capabilities of such a model, the coarse-tuning

routine, and the iNERD algorithm, as later shown in the ablation study.
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Fine-tuning results

After evaluating the iNERD approach on its capabilities after coarse-tuning, we

further fine-tune it on each dataset. The results of this can be seen in Table 4.2.

Therein, we also report various competing approaches and their performances,

taken from the respective papers.

A first observation is that iNERD is capable of performing on par with or

better than the standard encoder-only approach reported for the BERT [32] model.

A more general observation is that iNERD performs considerably well on datasets

with a smaller entity class size, like CoNLL-2003 or NCBI-Disease. For our main

focus, the datasets CoNLL-2003 and its corrected version, CoNLL++, iNERD is

able to be almost on par with competing state-of-the-art encoder-only approaches

[188, 237], which are complex implementations and are thus in stark contrast

to our simple and still effective approach.

On the one hand, it struggles especially on Few-NERD and OntoNotes, where

the entity class size is significantly larger. Furthermore, the fine variations of

various biomedical terms in JNLPBA and the novel entities in WNUT-17 also

seem to be a considerable hurdle for our approach. Of course, one could have

simply excluded these datasets from this study, but we want to point out fields

where our approach is struggling, where it might be improved upon with further

research, and therefore, not simply ignore possible drawbacks of our method.

Nevertheless, on the other hand, we surpass the current best-performing

model on FiNER-ORD, beating it by a considerable margin of more than 4% F
1

and establishing a new state-of-the-art for financial named entity recognition

on this dataset.

In total, the results of our approach are promising for the concept of using

generative language models for tasks for which they are not originally intended,

as we show that our relatively simple approach can surpass the comparatively

simple one proposed in [32].

Ablation study

To show the advantages of each component of our approach, we conduct an

ablation study on the CoNLL-2003, CoNLL++, NCBI-Disease, and FiNER-ORD

datasets. The results are shown in Table 4.3.

As can be seen there, each component of the iNERD approach adds to the

overall performance. If we subtract the coarse-tuning as well as informed decoding

steps, the micro-F1 score falls to a mere 0% in the no fine-tuning setting, similarly
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Table 4.3: Ablation study of our iNERD algorithm. Reported here are the micro-F
1

scores in % on the respective test set and the scores when we subtract either the informed

decoding algorithm (see Algorithm 1), the coarse-tuning step, or both.

Approach no fine-tuning fine-tuning

CoNLL-2003
iNERD + Llama-7b 90.33 92.75
- informed decoding 86.52 92.43
- coarse-tuning 0.0 91.81
- both 0.0 91.72

CoNLL++
iNERD + Llama-7b 91.83 94.10
- informed decoding 87.81 93.71
- coarse-tuning 0.0 93.14
- both 0.0 93.01

FiNER-ORD
iNERD + RedPajama 79.27 82.82
- informed decoding 69.11 81.51
- coarse-tuning 0.0 79.52
- both 0.0 78.74

NCBI-Disease
iNERD + BioMedLM 84.49 86.37
- informed decoding 83.73 85.83
- coarse-tuning 0.0 85.95
- both 0.0 85.56

when we only exclude the coarse-tuning step. However, such a score can be

expected, as the tagging scheme described in Equation (4.1) has not been seen

during the model’s regular pre-training and thus, is novel to the model. Not so

momentous, but still significant, the informed decoding described in Algorithm 1

adds an improvement of approximately 4% for both CoNLL datasets, 2% for

FiNER-ORD, and 1% for NCBI-Disease.

A similar, but not so severe, picture can be observed during fine-tuning, where

the distance between each subtracted step shrinks, but is still present. In such

a setting, we observe an overall improvement of more than 1% for the CoNLL

datasets, 4% for FiNER-ORD, and 2% for NCBI-Disease when we compare the

complete approach to the one with all components turned off. Additionally, we

observe that both techniques introduced here, iNERD and coarse-tuning, are

significant improvements to the decoding process.
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Limitations

While the iNERD approach introduced in this chapter shows promising results

in leveraging LLMs for NER tasks, several limitations should be acknowledged.

Firstly, iNERD’s effectiveness is inherently tied to the capabilities and limitations

of the underlying language model, meaning biases or inaccuracies in the base

model could directly impact the algorithm’s performance. Similarly, the iNERD

algorithm can only be applied when we can access the score vector Ŷ
score

(see

Algorithm 1), which is inaccessible for proprietary closed-source language models

like GPT-4 [41] or Gemini [43].

Additionally, while its adaptability has been demonstrated across various

datasets, its generalisability to all types of NER tasks cannot be guaranteed, as

already shown in Table 4.2. Furthermore, we only tested the performance on

English datasets and, thus, cannot make any claims towards a similar performance

on NER datasets in other languages.

With the application of coarse-tuning, the comparability to other approaches

without coarse-tuning might not be given. This discrepancy arises because our

models are exposed to a larger dataset during said coarse-tuning, which might

give them an advantage, as also shown in the ablation study.

A further concern is the substantial computational resources required by

the LLMs employed. This reliance may limit its accessibility for users with

limited computational resources and has already proven to be an issue during

hyperparameter tuning, or the lack thereof, in this study. Nevertheless, we focus on

demonstrating the efficacy of the approach rather than extensive hyperparameter

optimisation. Moreover, this effect is accentuated by the fact that a prompting

strategy, as proposed in e.g., [216], does not require task-specific fine-tuning and

is able to achieve reasonable results in a zero-shot setting.

The complexity of LLMs also poses challenges regarding transparency and

accountability. The lack of clarity in how these models arrive at specific decisions

can be problematic, especially in sensitive applications where understanding

the reasoning behind an output is crucial.

Another limitation of our approach arises from how the generation process in

Equation 4.1 is defined and the fact that it does not specify the position where the

entity is located. Nevertheless, we argue that matching the extracted entity string

to its position in the input is straightforward through simple string matching.

However, in the extremely rare edge case where the entity appears multiple times

in the input string, resulting in multiple string matches, iNERD’s results may be
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less accurate compared to a position-based approach, although we would argue

that all string matches in such cases represent the entity.

Lastly, while we can show remarkable results in environments with variable

entity class sets 𝔼, the algorithm’s ability to accurately identify and categorise

entirely novel entities is an area that might warrant further exploration.

4.2.4 Conclusion

We introduced a novel approach for named entity recognition (NER) which

leverages the outstanding language understanding capabilities of modern large

language models (LLMs). Our Informed Named Entity Recognition Decoding

(iNERD) algorithm is easy to implement and arguably as simple as an “encoder-

only” transformer plus multilayer perceptron approach as proposed in the

seminal BERT [32] paper. It builds on top of recent LLMs and is thus future-proof

and computationally efficient, as the employed LLMs can easily be replaced

by improved models whenever they become available. It incorporates an

informed decoding scheme which further improves performance, eliminates

any risk of hallucinations, and significantly increases adaptability. This informed

scheme utilises the named entity decoding structure proposed herein to mask

out disallowed tokens during the prediction phase.

Extensive experimental validation demonstrates the performance of our

framework to be mostly on par with competing “encoder-only” approaches, if

not better. Experiments further reveal considerable and outstanding adaptive

capabilities and show that iNERD can react to changes in the underlying data

distribution without any additional fine-tuning. This contrasts with “encoder-

only” approaches, which dominate the current NER landscape, as these have

to be retrained whenever their set of entity classes changes.

Furthermore, as the generative language models improve, so does our

approach. Therefore, we believe that given a few iterations of these models,

iNERD plus new versions of generative language models can outpace their

competing systems built on smaller “encoder-only” transformer models, due to

the indisputable language understanding capabilities of LLMs.

An obvious next step is testing the largest generative language models, like

the 70 billion-parameter version of Llama-3 [98] or the Mixture of Experts model

Mixtral-8x7b [224], or an architecture different from transformers, like Mamba

[245]. Using these could improve the performance of the complete iNERD setup on

each dataset even further. On the other hand, training these huge model variations
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is extremely expensive and beyond our current computational capabilities. As

already discussed in the Experiments section, applying LoRA [229], a method

to freeze certain parts of the model to allow training large models, likely leads

to a performance decrease. This is yet another interesting path to take for

future research, as one could try pre-training large language models without this

technique to improve the downstream performance further. Similarly, one could

increase the size of the coarse-tuning dataset and include even more datasets.

Another promising starting point for future research is investigating how

the various highly specialised named entity recognition techniques developed

for encoder-only models like PL-Marker [188] or Co-Regularisation [187] can

be applied to generative language models and iNERD. One could also test how

regular expressions can be fused with the iNERD algorithm to combine the

findings of this work with those from [246], in which they enforced a generation

process with such expressions.

Different information extraction tasks like relation extraction or event iden-

tification are also candidates for future research, which we plan to tackle in a

similar manner as iNERD, as these tasks are “rigid” like NER and would thus

profit from an informed approach like the one we propose.

From a more practical standpoint, we plan to implement the iNERD approach

in various real-world applications in the world of Financial Auditing and

Biomedicine, for the advantages of our approach are clear: highly effective

on unseen data with a variable entity set 𝔼 (see Table 4.1) and easily upgradeable

with the newest large language model.

4.3 LLMs for Legal NER

To contextualise the iNERD approach introduced in the previous section, which

established a novel decoding strategy for LLMs, we investigate how they fare

without such a constrained strategy and how they perform with a simpler

prompting framework.

We evaluate general-purpose models to assess their effectiveness in recognising

and classifying legal entities. Our research investigates the following questions:

1. How do general-purpose LLMs perform on legal NER tasks?

2. Can LLMs without specific fine-tuning like iNERD handle the archaic

language, domain-specific jargon, and intricate syntactic constructions [247,

248] present in legal text?
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3. How do different languages affect the performance of multilingual large

language models?

4. Which model architectures are most effective for capturing the nuances of

legal language in NER tasks?

By addressing these questions, we aim to provide insights into the strengths

and limitations of current LLMs in legal NER applications. Specifically, we focus on

evaluating eleven state-of-the-art LLMs across multiple datasets, including three

English datasets and four datasets in other languages, to establish comprehensive

benchmarks for legal NER tasks. The findings of this study are expected to guide

future research and development efforts in legal NLP, assisting practitioners in

selecting and optimising models for enhanced performance in legal text analysis.

The remainder of this section is structured as follows: we first discuss related

work. Section 4.3.2 then describes our methodology, followed by our experiments

and results in Section 4.3.3. Finally, we present our conclusion in Section 4.3.4.

4.3.1 Related Work

LLMs have shown remarkable adaptability across various domains, including

legal texts, finance, and regulatory compliance, demonstrating their ability to

detect inconsistencies, automate tasks, and improve efficiency [44, 129, 135].

Recently, LLMs have emerged as a key force in advancing NER, as demonstrated

in [249–253], as well as the previous section.

In the legal domain, LLMs like GPT-4 [41] and Llama-3 [98] have proven highly

effective in addressing the complexities of legal texts [13, 254, 255]. These models

leverage their advanced language understanding capabilities for tasks such as

regulatory compliance verification [44, 256, 257], contract analysis [258], and legal

violation detection [259]. A study on legal violation identification demonstrated

that LLMs, in addition to BERT-based models, detected legal violations with a

high degree of accuracy, outperforming traditional models such as Conditional

Random Fields (CRF) in legal contexts [259–261]. These models also handle

long-range dependencies and context-rich information more effectively, leading

to significant advancements in legal text processing and surpassing classical

machine learning approaches [262, 263].

However, applying LLMs to legal NER remains challenging due to domain-

specific terminology and intricate syntactic structures. Traditional NER models

often underperform in legal contexts, as general language corpora fail to capture
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the nuances of legal texts. Domain-specific datasets, such as E-NER [264], LeNER-

Br [260], and German-LER [265], have been developed to address these challenges

by providing detailed annotations that significantly enhance NER performance

across different legal systems and languages [259, 261, 266].

4.3.2 Methodology

This section details our approach to extracting named entities from legal doc-

uments and paragraphs.

Dataset Preparation

To evaluate the performance of each LLM, the primary goal is to assign IOB

(Inside-Outside-Beginning) [234] tags to each sentence. We explore three strategies

for querying LLMs:

1. Directly retrieving IOB tags from the LLM,

2. Obtaining tuples that specify the entity and its start and end positions,

3. Generating a JSON output where entities are represented as keys and their

corresponding classifications as values.

The first two methods often lead to considerable inaccuracies. When LLMs

return IOB tags directly, they handle tokenisation internally, which frequently

diverges from the dataset’s ground-truth tokenisation, making the comparison

between predicted and actual IOB tags unreliable. Similarly, when returning start

and end indices for entities, LLMs struggle to identify the positions precisely, and

even slight discrepancies result in a complete misalignment of the IOB tags.

Given these limitations, we adopt the third approach. Rather than relying

on the LLM to determine entity positions, we implement a code-based solution

to map entity positions within the sentence accurately. This approach ensures

a robust alignment with the ground truth, enabling a reliable evaluation of

the IOB tagging performance.

Mapping of Entities to Sentence Tokens

To map the model’s returned entities to sentence tokens correctly, it is crucial

to ensure proper alignment, as this directly impacts the accuracy of predicted

IOB tags. Based on the dataset descriptions in relevant research, we replicate

their tokenisation methods for consistency and to facilitate proper mapping. For
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instance, we used the NLTK [267] library for word tokenisation in E-NER and

LeNER-Br, SoMaJo [268] for German-LER, and SpaCy
3

for InLegalNER. For other

datasets, where the tokenisation method is either unknown or was completed

manually by domain experts, we apply space-based tokenisation. Since these

datasets’ sentences are pre-tokenised, we query the model with space-separated

tokens and tokenise the returned entities similarly, using spaces. By adhering

to these tokenisation practices, we ensure accurate mapping of returned entity

text to sentence tokens, resulting in reliable IOB tag predictions.

We also compared the consistency of re-tokenised sentences with the originals.

In rare cases, discrepancies arise even with identical tokenisation tools. To

maintain accuracy in predictions and ground-truth comparisons, we exclude

such sentences. Additionally, when the same word belongs to different entities

with varied classes, conflicts occur. In these cases, we retain the longer entity text

(e.g., a company name containing a person’s name) to resolve overlaps, ensuring

that the more informative entity is preserved. Furthermore, LLMs sometimes

over-identify entities, producing entity classes absent from the dataset. In such

cases, we disregard these extra entities to maintain dataset consistency.

Generation of JSON Output

During the generation phase, only three selected models (GPT-4o Mini [269],

GPT-4o [41], and Mistral Large[270]) can enforce JSON outputs with their API

calls. For models without this capability, we have to rely on the language model

to produce a valid JSON output. If the model does not produce a valid JSON

output, we evaluate this as if no entities were predicted.

Prompt Design

We design specific prompts for each dataset to ensure accurate entity extraction

within distinct legal contexts. While the structure of the prompts remains

consistent across datasets, we introduce dataset-specific instructions to optimise

performance and address the unique challenges inherent to each. For instance,

we emphasise three core requirements: maintaining a valid JSON format, strictly

adhering to predefined entity classes, and handling ambiguities by excluding

entities that did not match the provided categories.

However, we make tailored adjustments based on each dataset’s specific

requirements. In the InLegalNER dataset, titles or prefixes (e.g., “Mr.”, “Sri.” are

3
spacy.io

https://spacy.io/
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excluded from annotated entities, so we omit them from the extracted names. In

contrast, in the TurkishLegalNER dataset, titles (e.g., “Tetkik Hakimi” or “Review

Judge”) are part of the Person class, so we retain them to align with Turkish legal

document norms. Similarly, in the uk_ner_contracts dataset, when extracting

Clause_Number, we account for spaces between the number and period, ensuring

any following periods are included in the entity. Datasets such as LegalLensNER
focus on extracting violations and their legal context, thus requiring specific

instructions to maintain consistency with legal terminology.

4.3.3 Experiments

In this section, we describe our experimental protocol, examine the datasets and

results, and discuss the strengths and limitations of our approach. All model

training was performed on a shared GPU node featuring eight Nvidia V100

GPUs, an Intel Xeon 6148 CPU, and 1 TB of RAM.

Data

We use several legal NER datasets in this study. The first three, E-NER,

InLegalNER, and LegalLensNER, are English-language datasets covering a range

of legal documents. The remaining datasets focus on other languages: LeNER-Br

(Portuguese), German-LER (German), TurkishLegalNER (Turkish), and uk-ner-

contracts (Ukrainian), each providing domain-specific annotations for their

respective legal systems. Below, we shortly detail each of these.

• The E-NER [264] dataset consists of 52 filings from the US SEC EDGAR

database with manually annotated named entities. For this study, we

select the version of the dataset that contains four entity classes: Person,

Organisation, Location, and Miscellaneous. Since the dataset is not pre-split

into training, validation, and test sets, we randomly selected 20% of the data

to be used as the test set.

• The InLegalNER [261] dataset, designed for legal NER in Indian legal texts,

contains 46,545 annotated entities across 14 types, including court names,
petitioners, respondents, and statutes. Since the dataset does not include IOB

format annotations, we converted it by extracting the text and entity details

(start/end positions, text, and entity class) for each sentence. Following the

approach outlined in their paper, we utilised SpaCy to map entity positions

to corresponding words using the “char_span” method, labelling each word
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as the beginning (B-), inside (I-), or outside (O) of an entity. Partial manual

verification showed that this method resulted in highly accurate mappings.

• The LegalLensNER [259] dataset was initially generated by LLMs, but it

has been carefully validated by expert annotators to ensure its accuracy

and reliability. The dataset includes four main entity types: Law, Violation,

Violated By (the entity committing the violation), and Violated On (the

victim). For our study, we used the entire test set, which consists of

617 sentences. However, one issue we identified with the dataset is the

inconsistent labelling of the Violated By and Violated On entities. In some

cases, unnecessary prepositions such as “to” or “on” are included, while

in others they are omitted. We believe that excluding these prepositions

results in more accurate entity labelling. Instead of modifying the dataset,

we ensured that the examples in our prompts avoided such inconsistencies.

This choice likely leads to a lower reported performance score but ensures

comparability with other approaches.

• The LeNER-Br [260] dataset was created for NER in Portuguese, specifically

in Brazilian legal texts, containing manually annotated documents from

various courts. It includes six entity types: Pessoa (persons), Organização
(organisations), Local (locations), Legislação (laws), Jurisprudência (legal cases),

and Tempo (time). This comprehensive dataset supports precise NER tasks

in Portuguese legal documents. For our study, we used the entire test set,

consisting of 1,389 sentences.

• The German Legal Entity Recognition (German-LER) [265] dataset is based

on German legal texts and contains around 54,000 manually annotated

entities. These entities are categorised into two types of classification: fine-

grained and coarse-grained semantic classes. For our study, we selected

the coarse-grained classification, which includes the following categories:

Person, Location, Organisation, Legal norm, Regulation, Court decision, and Legal
literature. We used the entire test set, which consists of 6,673 sentences, for

our experiments.

• The TurkishLegalNER [263] dataset consists of annotated legal texts from

the Turkish Court of Cassation, with a total of 2,198 sentences and 5,311

named entities. The dataset includes various entity types relevant to the

legal domain, such as PER (Person), LOC (Location), ORG (Organisation),

DAT (Date), LEG (Legislation), COU (Court), REF (Reference), and OFF
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(Official Gazette). For our study, we used the test set, which contains

439 sentences. However, due to privacy concerns, many sentences in the

dataset contain the redaction “...” to obscure sensitive information. This

particularly affects a significant portion of PER (Person) entities, as well

as some ORG (Organisation) and LOC (Location) entities. To mitigate this

issue, we replace this anonymisation technique with pseudo-anonymisation,

i.e., we replace these ellipses with appropriate terms, such as randomly

selected Turkish names and locations, ensuring the dataset remains suitable

for inference while adhering to privacy regulations.

• The uk_ner_contracts
4
dataset classifies four key types of entities in Ukrainian

legal contracts: “Clause_number”, “Clause_title”, “Contract_type”, and

“Definition_title”. The dataset encompasses a wide range of legal documents

across various domains, including employment, real estate, services, sales,

and leases. All entities within the contracts have been manually labelled by

legal experts, ensuring high-quality annotations. For our study, we used

the test set, which consists of 494 sentences.

Evaluation Metrics

For evaluating the performance of LLMs, we employ standard classification

metrics based on a strict comparison of predicted IOB sequences with the ground-

truth labels. We enforce strict evaluation, requiring both the entity type and

boundaries to match the annotations exactly.

We computed precision, recall, and F
1

scores for each entity class to assess

the model’s performance. For reporting, we focused on the micro-averaged F
1

score, which aggregates the contributions of all classes, providing a balanced

view of the LLM’s overall accuracy in identifying and classifying entities, without

being influenced by class imbalance. All results for the micro-averaged F
1

score

were rounded to two decimal places.

Results

The evaluation of LLMs on several legal NER datasets revealed varied performance

outcomes. As presented in Table 4.4, F
1

scores for each model fluctuated across

the seven datasets, reflecting differences in language and legal context.

GPT-4o [41] demonstrated the highest overall performance, consistently

achieving top F
1

scores across multiple datasets. It excelled particularly in

4
huggingface.co/datasets/lawinsider/uk_ner_contracts

https://huggingface.co/datasets/lawinsider/uk_ner_contracts
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Table 4.4: Few-Shot results for legal NER datasets. Performance is reported as the

micro-averaged F
1

score (%). The table is adapted from our paper [14].

(a) English language datasets.

Model E-NER InLegalNER LegalLensNER
Dataset language English English English

GPT-4o Mini [269] 39.53 55.57 46.20
GPT-4o [41] 48.24 60.56 49.65
Mistral[270] 37.86 58.39 44.82
Qwen2-72B [271] 51.62 51.76 45.19
Llama-3 70B[98] 44.25 59.40 38.28
Llama-3.1 8B [98] 25.44 42.54 35.28
Llama-3.1 70B[98] 40.98 51.46 44.87
Mixtral 8x7B[224] 32.28 33.97 26.00
Gemma-2 27B[272] 42.50 50.69 50.08
Phi-3 14B[273] 34.77 41.42 35.90
Phi-3 3.8B[273] 20.16 27.90 31.89

(b) Portuguese, German, Turkish, and Ukrainian datasets.

Model leNER-br German-LER TurkishLegalNER uk_ner_contracts
Dataset language Portuguese German Turkish Ukrainian

GPT-4o Mini [269] 49.47 39.48 60.07 82.42
GPT-4o [41] 63.88 57.00 77.35 90.32
Mistral[270] 51.09 43.33 68.78 88.48
Qwen2-72B [271] 59.01 52.07 70.41 75.00
Llama-3 70B[98] 61.87 58.84 66.12 20.14
Llama-3.1 8B [98] 43.31 28.71 23.37 14.48
Llama-3.1 70B[98] 48.95 44.78 52.11 15.77
Mixtral 8x7B[224] 35.70 26.36 20.08 9.54
Gemma-2 27B[272] 52.88 44.16 58.73 87.09
Phi-3 14B[273] 38.25 35.52 20.85 4.94
Phi-3 3.8B[273] 24.65 21.30 11.00 2.65

the uk_ner_contracts dataset, achieving an F
1

score of 90.32%, and showed

strong results in InLegalNER and German-LER. Similarly, Qwen2-72B [271] and

Mistral [270] achieved competitive outcomes, particularly in InLegalNER and

TurkishLegalNER, underscoring their capability to manage complex legal texts

across varied languages and systems.

In contrast, the Llama-3 and Llama-3.1 models [98], which are typically

strong performers [186], displayed inconsistent performance. They performed

well on LeNER-Br with an F
1

score of 61.87% but struggled significantly on

uk_ner_contracts, where they achieved only 20.14%. This inconsistency suggests

that while certain models excel in specific legal domains, their adaptability

across datasets remains limited.

A deeper analysis of the uk_ner_contracts dataset highlighted specific challenges
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affecting model performance. The “Clause_number” entity class is the most

prevalent, constituting around 80% of test cases, and requires precise extraction

for high accuracy. Clause numbers frequently appear in formats such as “1 .” or

“1.1.3 .”, where spacing and periods are integral to the entity. Despite clear prompt

examples illustrating this format, many models struggled to extract this entity

reliably, leading to performance discrepancies. However, models such as GPT-4o

and Mistral successfully adapted to these nuances, achieving superior results,

which underscores the importance of precise formatting in legal NER tasks.

Furthermore, models like Mixtral 8x7B [224] and Phi-3 14B and 3.8B [273]

struggled across most datasets, with notably low scores on uk_ner_contracts and

LegalLensNER. This highlights the challenges that smaller models or certain

architectures face when tackling complex legal language and entity structures.

Overall, these results indicate that model architecture, dataset characteristics,

and prompt design significantly influence performance in legal NER tasks. While

proprietary models like GPT-4o set a high standard, careful tuning and adaptation

are crucial for consistent results across diverse legal datasets.

4.3.4 Conclusion

This section presented a comprehensive evaluation of eleven LLMs for NER in

the legal domain, covering seven diverse datasets in multiple languages and legal

contexts. Our findings demonstrate that LLM performance without a constrained

framework like iNERD varies significantly across legal NER tasks, influenced

by model architecture and dataset-specific characteristics.

The proprietary GPT-4o [41] model consistently achieved the highest scores,

particularly excelling in complex datasets due to its ability to adapt to intricate

formatting requirements. Competitive results from models such as Qwen2-72B

[271] and Mistral [270] underscore the potential of specialised LLMs to manage

multilingual and nuanced legal texts. However, models like Llama-3.1 [98] and

smaller architectures, including Mixtral 8x7B [224] and Phi-3 14B [273], showed

limitations in handling the syntactic and structural complexities unique to legal

language, resulting in inconsistent performance.

Future work could focus on developing adaptive prompt strategies and

exploring domain-specific model architectures to advance NER performance

further in specialised legal contexts. One could also explore various fine-tuning

techniques to better capture the legal language of the datasets we investigated or

to improve the prompting strategy employed, as seen in, e.g., [274] or [275].
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Overall, this section highlights the substantial potential of LLMs for legal NER

tasks, comparing the performances of many state-of-the-art LLMs, showing the

brittleness in their performances, and paving the way for other researchers to

improve upon the baselines established in this study.

4.4 Conclusion

The work presented in this chapter has engaged directly with a central challenge

in modern NLP: how to reconcile the power of generative large language models

with the strict, high-precision demands of information extraction. Through

two complementary studies, we have explored this issue from different angles,

ultimately building a strong case for a hybrid approach to NER. The findings

detailed here not only offer a novel and effective method for NER but also

contribute to a deeper understanding of where LLMs excel and where they

require careful guidance.

Our primary contribution, the iNERD framework, was created with a simple

but powerful premise in mind: instead of forcing generative models to behave

like the classifiers of a previous era, we should align the task with the model’s

native capabilities. By reformulating NER as a text-to-text generation problem,

we directly leverage the deep linguistic knowledge encoded within the LLM’s

parameters. This conceptual shift allows the model to treat entity extraction

as a form of structured translation, a task far more suited to its architecture

than token-level classification.

The core innovation of iNERD, however, lies in how it manages this generative

process. The informed decoding algorithm is the critical component that instils

the reliability necessary for any serious information extraction system. It acts as a

set of hard constraints, an overlay that forces the model’s probabilistic output to

conform to the rigid structure of the NER task. This fusion of a learned, neural

system with a symbolic, rule-based one is the essence of the hybrid learning

approach introduced in our research. The prevention of hallucinations is the most

immediate advantage, moving the system from a “black box” that might produce

anything to a predictable tool with a well-defined output space. Furthermore, our

results demonstrated that iNERD is not just reliable, but also remarkably powerful,

achieving performance that rivals and, in some cases, surpasses highly-specialised

encoder-only systems. The success of the “coarse-tuning” strategy further

underscored the adaptability of this generative foundation, showing that the



4. Named Entity Recognition 81

model could generalise effectively to new domains and entity sets, a feat that often

requires complete retraining for more brittle, classification-based architectures.

Of course, fine-tuning a model with a method like iNERD is not the only way

to apply LLMs to NER. To paint a complete picture, it was essential to investigate

the far more common approach of few-shot prompting. Our second study, a

comprehensive benchmark on legal NER, served this purpose. The legal domain,

with its specialised jargon, complex syntax, and demand for absolute precision,

represents a stress test for any language model.

On one hand, the leading proprietary models, particularly GPT-4o, demon-

strated a remarkable ability to handle complex instructions and adapt to some

of the nuances of multilingual legal text. This confirms that the raw capability

for specialised text understanding is indeed present in these models. On the

other hand, the overall performance was quite volatile accross models. We

observed significant performance swings from one dataset to the next, and even

between models from the same family. The difficulties many models had with

the strict formatting of clause numbers in Ukrainian contracts, for instance, was

a signal that a general understanding of language does not guarantee precision

on specific, rule-based patterns. This benchmark study, therefore, serves as a

crucial piece of context. It suggests that while prompting is an invaluable tool

for rapid prototyping and general-purpose tasks, it may lack the consistency and

reliability required for high-stakes, domain-specific information extraction. It

highlights the very problem that iNERD was designed to solve.

In viewing this chapter’s work as a whole, the two studies function as a

compelling argument and its supporting evidence. The legal NER benchmark

illustrates the challenges of using LLMs as-is, revealing their inconsistencies

when faced with precise, structured tasks. The iNERD framework then serves

as an effective response to those challenges. It demonstrates how, with the right

methodology, one that embraces the model’s generative nature but constrains it

with explicit rules, we can build systems that are at once flexible and robust.

An interesting direction for future research lies in adapting specialised

techniques from the encoder-only world to the new generative paradigm. For

years, the community has developed powerful methods to improve encoder-based

NER, such as the packed levitated marker approach of PL-Marker [188] for nested

entities or the entity-centric co-regularisation framework proposed by [187], many

based on BERT [32] or its variants. These techniques were designed to address

specific challenges like overlapping entity spans and leveraging entity-level

context. A research question might be how these concepts can be translated into
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a generative, decoder-only setting. This might involve creating more complex

generation templates that can represent nested structures or integrating novel

regularisation terms into the fine-tuning loss function that encourage entity

consistency. Successfully porting these advanced techniques could significantly

elevate the performance of generative NER, allowing it to tackle even more

complex extraction scenarios.

Another promising avenue involves strengthening the hybrid nature of the

iNERD algorithm itself. The current informed decoding relies on a fixed set

of rules. However, one could explore a more dynamic integration of symbolic

knowledge. For example, the work of [246], which uses regular expressions to

constrain text generation, could be fused with the iNERD approach. This would

allow for the enforcement of highly specific, pattern-based constraints on entity

content (e.g., ensuring a “Date” entity conforms to an “YYYY-MM-DD” format)

directly within the decoding process. Such a fusion would create an even more

powerful and precise extraction tool, combining the semantic understanding of

the LLM with the formal rigour of regular languages.

Finally, another research direction is to extend the concept of NER beyond the

textual domain into multimodal contexts. As large multimodal models that can

process images, audio, and video become more prevalent (see [276, 277]), the task

of identifying named entities within these modalities will become increasingly

important. For instance, can a model identify a speaker’s name from an audio

waveform, recognise a company logo in an image, or extract the name of a location

from a sign in a video frame? These present fundamental research questions.

Can these modalities be processed directly, or must they first be transcribed into

text, with NER performed as a secondary step? The former approach is likely far

more ambitious, potentially requiring new methods to ground symbolic entity

types directly within continuous, non-textual representations. Exploring how a

generative framework like iNERD could be adapted for such tasks, perhaps by

generating a mixed-modality output of something like (text_description,
bounding_box, entity_type), would represent a significant step towards

truly comprehensive, multimodal information extraction. This line of inquiry

not only pushes the boundaries of NER but also aligns with the broader vision

of creating AI systems that can understand and structure information from

the real world in all its varied forms.



Die Würde des Menschen ist unantastbar. Sie zu achten
und zu schützen ist Verpflichtung aller staatlichen Gewalt.

———

Human dignity shall be inviolable. To respect and protect
it shall be the duty of all state authority.

— Article 1 Paragraph 1 in Grundgesetz für die
Bundesrepublik Deutschland [278]
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The proliferation of textual data alongside the ascent of powerful Large

Language Models has created a dual challenge: while these models offer

unprecedented analytical capabilities, their use often requires sharing

sensitive information with external, API-based services, and exposes users to

privacy risks. This chapter addresses this critical issue by introducing a novel,

resource-efficient framework for anonymising textual data across arbitrary

domains. Our methodology circumvents the need for manually labelled data

and extensive computational power by employing knowledge distillation.

We transfer the powerful text understanding of a large “teacher” LLM to

a lightweight and efficient encoder-only “student” model, which is then

combined with rule-based algorithms for a complete anonymisation pipeline.

Our experiments demonstrate that this distilled approach significantly

83
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outperforms established baselines, achieving superior recall and F
1

scores

while maintaining a small computational footprint. This efficiency makes

our system suitable for deployment on less powerful servers or even local

computing devices. Ultimately, this chapter presents knowledge distillation

as a scalable and pragmatic pathway for developing robust anonymisation

solutions that balance the competing demands of privacy, data utility, and

computational feasibility.

5.1 Introduction

This chapter is based on our publications “Resource-Efficient Anonymization of
Textual Data via Knowledge Distillation from Large Language Models” (co-

authored with Max Hahnbück, Tobias Uelwer, Cong Zhao, Christian Bauckhage,

and Rafet Sifa) and “A Survey on Current Trends and Recent Advances in Text
Anonymization” (co-authored with Lorenz Sparrenberg, Armin Berger, Max

Hahnbück, Christian Bauckhage, and Rafet Sifa) published in the proceedings of

the 31st International Conference on Computational Linguistics [279] and the 12th IEEE
International Conference on Data Science and Advanced Analytics [280], respectively.

In an increasingly data-driven and AI-influenced world, the need to protect

personal and sensitive information has become a critical concern across numerous

domains, including, but not limited to, healthcare [281, 282], law [283–285],

and finance [286], especially when leveraging large language models (LLMs)

[287, 288]. Textual data often contains identifiable information that, if exposed,

could lead to privacy violations and data breaches. Such privacy concerns might

discourage the use of the most powerful LLMs, which are, at the time of writing,

often only accessible via external API requests
1
.

Having established robust methods for named entity recognition in Chapter 4,

we now turn our attention to one of its practical applications: the protection

of sensitive information through anonymisation. While the previous chapter

focused on the fundamental challenge of accurately identifying and classifying

entities within text, this chapter addresses the equally important question of

what we should do with such entities once they have been found. To tackle

this, we introduce a hybrid approach and pipeline to anonymise textual data

from arbitrary domains. By leveraging knowledge distillation, named entity

recognition, and regular expressions, our approach enables the anonymisation

of sensitive information in a way that reduces computational overhead while

maintaining the semantic integrity of the data. While we evaluate and train on

1
See the LLM Leaderboard introduced in [186] and hosted at lmarena.ai.

https://lmarena.ai/
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English and German financial documents, our approach can easily be adapted to

any new domain or other language. We explore the trade-offs between privacy

preservation, model performance, and computational efficiency, demonstrating

that knowledge distillation provides a promising pathway for scalable, resource-

efficient anonymisation.

Traditional named entity recognition methods, though effective for anonymi-

sation, often present challenges due to their high computational costs [230, 231]

or reliance on manually labelled data [187, 188]. The former is problematic

because local computational resources may be limited, and using cloud-based

solutions may not be feasible, due to the similar reasons that hinder the use of

remote LLMs in the first place. The latter poses a challenge because in many

domains where state-of-the-art LLMs could offer the most benefit (and thus,

require robust anonymisation), labour costs [289] are typically high, making

manual data labelling an expensive and time-consuming process.

In this chapter, we shed light on the training pipeline for our anonymisation

framework that can take an arbitrary unannotated text corpus and annotation

guideline to produce high-quality anonymisation models, that leverage the

knowledge and performance of LLMs like GPT-4 [41] or Gemini 2.5 [43] while

being so small that they can be deployed on significantly less powerful servers

or even conventional personal computing devices.

Our contributions in this chapter can be summarised as follows:

• We demonstrate how a small, lightweight model trained on text annotated

by an LLM can be used to solve the underlying named entity recognition

(NER) task of anonymisation.

• We build a production-ready anonymisation system that can be deployed

either locally or as a service to handle API requests.

• We compare the effectiveness of distilling knowledge from different LLMs

and benchmark our anonymisation system against existing solutions, namely

Presidio [290] and GLiNER [291].

In the following sections, we start with discussing related work. Section 5.3

describes our methodology for distilling knowledge from a LLM into a smaller

model as well as gives an overview on our complete anonymisation pipeline.

Thereafter, we outline our experiments and results in Section 5.3. Finally, we end

this chapter with a conclusion and an outlook on conceivable future work.
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5.2 Related Work

The journey towards automated text anonymisation began with foundational, rule-

based approaches that relied on dictionaries and predefined patterns to identify

sensitive data [292, 293]. These early systems paved the way for more sophisticated

machine learning techniques, with named entity recognition quickly becoming

the workhorse of the field [294, 295]. Models based on recurrent neural networks,

for instance, were among the first to bring the power of deep learning to the task of

finding and flagging personal information in unstructured text [296, 297]. To this

day, many practical tools still build on this core idea, often blending modern NER

with heuristic rules to create robust, real-world anonymisation pipelines [298, 299].

The arrival of LLMs has been a disruptive force in this landscape, presenting

a double-edged sword. On one side, LLMs serve as powerful anonymisers,

capable of understanding context with a nuance that allows for highly effective

zero-shot or few-shot PII detection [300]. Their general-purpose NER capabilities

are so strong that they have inspired a new generation of specialised models,

such as NuNER, which is trained on LLM-generated data [189], and highly

efficient competitors like GLiNER, which challenges LLMs in zero-shot settings

[291]. Yet, on the other side, this same analytical power makes them formidable

adversaries in de-anonymisation, capable of inferring identities from subtle

clues left behind in poorly anonymised text, a threat that forces the field to

constantly re-evaluate its methods [301].

However, the power of these state-of-the-art LLMs comes at a cost. Their size

and computational requirements can make them impractical for many real-world

applications. This challenge has accelerated research into knowledge distillation,

a technique for transferring the deep knowledge of a large “teacher” LLM into

a much smaller and more efficient “student” model. This approach has been

successfully applied to general NER tasks [274, 275] and offers a pathway to

creating anonymisation tools that are both powerful and practical.

Beyond this central challenge of model efficiency, researchers are also tackling

a wide array of specialised problems and are developing tailored solutions for

the unique demands of specific domains, from the sensitive clinical notes in

healthcare [302, 303] to the complex documents found in law [304, 305] and

finance [286]. Others are pushing the theoretical boundaries by incorporating

formal privacy guarantees like k-anonymity [306] or Differential Privacy (DP),

which offers provable protection against data breaches [307, 308]. In a more niche
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but equally important area, authorship anonymisation seeks to obscure a writer’s

unique linguistic style to protect their identity [309, 310].

Ultimately, for any of these techniques to be effective, they must be measurable

and usable. This has led to the development of vital community resources,

including open-source toolkits like Microsoft’s Presidio [290] and rigorous eval-

uation standards like the Text Anonymization Benchmark [311]. These tools and

benchmarks help researchers and practitioners navigate the fundamental trade-off

that defines this field: the balance between protecting privacy and preserving

the utility of the data for analysis [312]. This chapter is positioned at this crucial

intersection, aiming to harness the power of LLMs in a resource-efficient manner

to deliver a practical and effective solution for textual anonymisation.

5.3 Methodology

Our method involves three steps, detailed below:

1. We collect a large number of paragraphs from publicly available documents,

which are then pre-processed using traditional methods (Section 5.3.1).

2. We generate training data by prompting large language models, i.e., GPT-4o

and GPT-4o mini, to annotate the pre-processed paragraphs (Section 5.3.2).

3. We train a NER model on these annotated paragraphs (Section 5.3.3).

If the performance of step 3 is not satisfactory, we generate more training

data by repeating step 2. Results for steps 1 and 2 are stored in a PostgreSQL

database [313], whereas the final model of step 3 gets shipped in the form of

a containerised environment after hyperparameter tuning has been completed.

Figure 5.1 gives an overview of our approach. In the following subsections,

we give more details about these three steps.

5.3.1 Data Acquisition

We start by collecting documents from five different sources in English and

German. The documents are then split into sentences and subsequently into

words to allow for filtering. In detail, we remove sentences that contain an

excessive number of special characters or other textual artefacts, as such features

suggest the sentence may not have been parsed correctly or may not be a valid

sentence. The pre-processed sentences are then stored in a PostgreSQL database

to be easily accessible for the following steps.
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Raw data

Preprocessing:
Sentence tokenization,

Word tokenization,
Filtering

Data acquisition pipeline

Data preparation:
RegEx preprocessing,

IOB mapping,
Dataset splitting

Model training:
Pretrained model selection,

Hyperparameter tuning

Model evaluation:
Evaluation:

More annotations needed?
Release model if satisfactory

Model training pipeline

Database
(PostgreSQL)

Containerization

Open source or
proprietary LLM

Named entity
annotations

Annotation pipeline

Create more
annotations

Figure 5.1: The different pipelines for our anonymisation framework. The figure is

adapted from our paper [279].

5.3.2 Annotation

A central idea of our approach is to employ an LLM to annotate the collected

sentences, thereby generating training data with which to train our lightweight

model. We rely on GPT-4o [41] and GPT-4o mini [269], which we prompted using

the provided API. However, we also tested Llama-3 70B [98], Mixtral 8x7B [224],

and Mistral Large [270], which we found to be inferior to the GPT-4o models.

To find an optimal prompt, we use a comparatively small, annotated dataset

composed of approximately 1,000 paragraphs and iteratively improve our prompt

until we achieve satisfactory results. In the final prompt, we provide the

model with nine different examples of input sentences and their corresponding

expected outputs.

For the German datasets, we manually translate the prompt into German

and adjust the examples. The annotated paragraphs are stored in the same

database from which they were pulled. The entity classes used to train the

model described in the following section are shown in Table 5.2. It is important

to note that the set of entity classes is flexible and can be defined in advance,

allowing customisation for any specific use case.

5.3.3 Model Training

During the model training phase, we first parse the previously created paragraphs

and split them into training, validation, and test sets. We then tokenise the text

and convert the entity annotations into the Inside-Outside-Beginning (IOB, see
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[234]) format so that it can be used in the downstream task. IOB is a tagging

scheme used in sequence labelling tasks, where each token in a sentence is tagged

as either the beginning (B), inside (I), or outside (O) of a named entity.

The data preparation is followed by the actual training of an encoder-only
model, e.g., BERT [32] or RoBERTa [55], with a classification head, i.e., a multilayer

perceptron, on top. The encoder choice, depth, and layer size of the classification

head, and more general model settings are tuneable hyperparameters in this setup.

During training, we leverage the focal loss [4] to allow for better control of

how we can weight recall and precision, which is defined as

L
focal

(pe) = −λe(1− pe)
γ ln(pe), (5.1)

where λe is used to balance an entity class e, γ ≥ 0 is the focusing parameter

of the modulating factor, and pe ∈ [0, 1] is the model’s estimated probability of

entity class e. We theorise that with this loss, we can address the imbalance

between the outside and actual entity classes. In an anonymisation framework,

it is paramount to identify as many entities as is feasible without penalising

precision too much, thus favouring a higher recall over precision. This favours

underweighting the outside class, which is overrepresented in anonymisation

(and many NER) datasets. To achieve this, we assign a smaller weight to λ
outside

compared to all λ
no

, where λ
no

represents a balancing hyperparameter for all

classes other than the outside class.

If we find that the performance after training is insufficient, we generate

more annotations using the methodology previously described in Section 5.3.2,

followed by repeating the model training step.

5.3.4 Application Development and Deployment

The model trained in Section 5.3.3 is combined with rule-based pre- and post-

processing. This processing consists of the optional RegEx-based recognition of

monetary values, email addresses, IBANs, phone numbers, and websites. IBANs

are validated using schwifty2
, and only valid IBANs are anonymised.

The anonymisation model combined with the post-processing discussed above,

is exposed as an API via FastAPI
3

and containerised with Docker
4
.

2
schwifty.readthedocs.io

3
fastapi.tiangolo.com

4
docker.com

https://schwifty.readthedocs.io
https://fastapi.tiangolo.com/
https://www.docker.com/
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Table 5.1: The datasets and sources we used for training the NER model. The table is

adapted from our paper [279].

Name Language # Paragraphs # Annotated paragraphs Reference

Edgar English 151k 96k -

Financial News Articles English 3.97M 172k -

Bundesanzeiger German 415k 38k [314]

German News German 201k 40k [315]

Tagesschau German 754k 39k -

Sources:
Edgar: https://www.sec.gov/search-filings
Financial News Articles: https://huggingface.co/datasets/ashraq/financial-news-articles
Bundesanzeiger: https://bundesanzeiger.de
German News: https://huggingface.co/datasets/community-datasets/gnad10
Tagesschau: https://huggingface.co/datasets/bjoernp/tagesschau-2018-2023

5.4 Experiments

In this section, we describe our experimental protocol, review the data and results,

and discuss the key advantages and limitations. All training runs were conducted

on a GPU node equipped with eight Nvidia V100 GPUs (each with 32GB of

VRAM), an Intel Xeon 6148 CPU, and 1 TB of RAM.

5.4.1 Data

During the data acquisition step, described in Section 5.3.1, we collected roughly

5.5 million paragraphs with a focus on the financial domain. From that pool of

raw, unannotated paragraphs, we sampled 385,657 paragraphs, of which 268,756

are English and 116,901 are German, to be annotated with GPT-4o and GPT-4o

mini (see Section 5.3.2). Table 5.1 gives an overview of each dataset and Table 5.2

shows all entity classes considered and their respective support in English and

German after synthetic annotation. We split our dataset into 80% training data

and 10% validation data, which were used for model training and hyperparameter

tuning. The remaining 10% was reserved as a hold-out test set, on which we

report the results presented in Table 5.3.

5.4.2 Results

When working with synthetic data generation, a key question arises: at what

point is the amount of data generated sufficient? To address this, Figure 5.2

illustrates that our validation set performance jumps significantly from zero

to approximately 70% after using just 2% of our English dataset, which is

roughly five thousand paragraphs. Beyond this point, each additional paragraph

https://www.sec.gov/search-filings
https://huggingface.co/datasets/ashraq/financial-news-articles
https://bundesanzeiger.de
https://huggingface.co/datasets/community-datasets/gnad10
https://huggingface.co/datasets/bjoernp/tagesschau-2018-2023
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Table 5.2: Entity classes in our dataset and their support in English (en) and German

(de). The table is adapted from our paper [279].

Label Description Support en Support de

<PER> Person 75,433 28,498
<LOC> Location 95,538 41,799
<ORG> Organisation 159,434 36,857
<PROD> Product 20,865 4,603
<DATE> Date or time 113,876 27,418
<MISC> Miscellaneous 216,871 91,050
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Figure 5.2: Diminishing Effect of dataset size on model performance. The underlying

dataset is the English split of our data, as described in Table 5.1, totalling 268 thousand

paragraphs. Note that both graphs show the same data, only with a differently scaled

X-axis. The figure is adapted from our paper [279].

yields diminishing returns, and the performance plateaus when approximately

80% of the dataset is utilised.

Table 5.3 shows the results of our experiments on the test set. We test

four different configurations of our Anonymiser system, each with a different

pre-trained encoder backbone and various total model sizes. Our framework

comfortably outperforms the two baselines, Presidio [290] and GLiNER [291].

As expected, larger models tend to exhibit superior performance. Nevertheless,
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even our smaller models, with fewer than 200 million parameters, demonstrate

satisfactory performance. Based on these findings, we propose a clear deployment

strategy: smaller models are well-suited for on-device deployment due to their

efficiency, while larger models, given their superior performance, are better

positioned for server-based deployment.

Furthermore, we can observe that leveraging the focal loss [4] described in

Equation 5.1 achieves our goal of favouring recall while keeping the overall F
1

score high, which is of significant importance when anonymising data.

5.4.3 Limitations

The “Miscellaneous” (MISC) category poses a unique challenge due to its highly

heterogeneous nature. It serves as a catch-all for tokens that do not fit into other

predefined categories, leading to a mix of relevant and irrelevant data, stemming

from its definition: “Miscellaneous encompasses any significant information not

covered by the other categories that might be used to de-anonymise”. This lack of

clear boundaries makes it difficult for the model to identify which tokens belong

to this class consistently. Although dividing the MISC category into more detailed

sub-categories might be possible, some tokens will always resist clear classification.

Additionally, classification is subjective, depending on the user’s context and

model application. Despite these challenges, we have chosen to retain the MISC

category in our six-class schema for its balance of manageability and relevance.

This ambiguous nature is illustrated by the following example sentence from

the financial-news-articles dataset, with annotations below each entity:

“Francisco Palmieri

PER

, acting Assistant Secretary

MISC

of State for

Western Hemisphere Affairs

MISC

, said the Cuban

LOC

government was responsible

for the security of U.S.

LOC

diplomatic personnel on the island

MISC

’and they have

failed to live up to that responsibility.’ Asked whether it was possible that the

Cuban government

ORG

would have been unaware of any attacks, he said: ’I find it

very difficult to believe that.’”

The entities tagged as MISC illustrate the ambiguous nature of this class,

highlighting the difficulty for models to learn this entity class. One could
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Table 5.3: Results on the hold-out test set. Ano N, S, R, and L refers to our Anonymiser framework,

as described in Section 5.3, with different encoder models. The number following the model

identifier is the corresponding total model parameter count. Ano S and L feature the GLiNER

model variant (only the actual, raw transformer model without the classification head) introduced

by [316] in the respective small and large size, whereas Ano R represents the setup with a RoBERTa-

Large previously finetuned with the OntoNotes dataset [238] introduced by [317] and Ano N has

the NuNER-v2.0 model [189] as its encoder. Each setup was subjected to hyperparameter tuning

on the validation set before being evaluated on the test set. We add results from Presidio [290]

and GLiNER [291] as a baseline. Note that Presidio only supports anonymising persons, locations

and dates out-of-the-box. The table is adapted from our paper [279].

(a) F1 Scores in %

Model Person Location Org. Product Date Misc. Micro avg. excl. Misc.

En
gl

ish

Presidio 74.39 66.59 - - 52.62 - 39.01 48.97
GLiNER 68.40 62.85 60.62 12.17 75.87 03.89 51.20 61.54
Ano N 146M 93.61 90.90 87.88 62.74 86.52 54.63 77.69 87.95
Ano S 163M 93.49 90.34 88.37 59.84 85.40 52.22 77.28 87.58
Ano R 377M 93.51 91.11 88.69 64.89 87.31 55.03 78.07 88.63
Ano L 456M 94.47 91.45 89.33 66.60 87.82 55.47 78.98 89.32

G
er

m
an

Presidio 06.11 25.94 - - 41.81 - 11.83 13.94
GLiNER 60.41 65.49 47.65 23.33 68.39 04.35 45.48 56.70
Ano N 146M 87.11 84.48 79.62 55.82 88.82 49.36 69.71 83.60
Ano S 163M 88.05 86.13 80.96 55.58 88.37 47.11 70.20 84.58
Ano R 377M 89.00 86.58 82.38 60.58 89.53 49.24 70.86 85.77
Ano L 456M 92.62 89.84 85.69 68.19 93.57 53.50 74.43 89.33

En
gl

ish
&

G
er

m
an Presidio 30.69 50.34 - - 51.02 - 29.05 35.62

GLiNER 66.86 63.50 57.29 21.09 74.44 04.03 49.71 56.64
Ano N 146M 91.20 88.95 86.48 62.14 87.29 52.77 75.90 87.24
Ano S 163M 92.68 89.84 87.89 63.11 88.27 54.10 76.82 88.18
Ano R 377M 92.80 90.26 88.41 64.67 88.21 54.05 76.62 88.62
Ano L 456M 92.69 90.10 88.37 63.21 88.49 55.55 77.78 88.51

(b) Recall Scores in %

Model Person Location Org. Product Date Misc. Micro avg. excl. Misc.

En
gl

ish

Presidio 78.95 70.62 - - 67.16 - 30.14 43.97
GLiNER 91.37 78.04 85.74 52.80 76.49 02.45 56.54 81.35
Ano N 146M 95.40 94.47 91.95 65.64 89.12 54.54 79.58 91.15
Ano S 163M 95.73 93.16 90.91 63.95 88.77 48.49 77.29 90.46
Ano R 377M 95.23 93.58 92.21 61.97 89.30 56.00 79.88 90.91
Ano L 456M 96.02 94.35 91.68 64.84 89.99 55.94 80.45 91.39

G
er

m
an

Presidio 31.61 41.16 - - 33.36 - 15.46 25.60
GLiNER 86.65 79.52 79.33 61.96 75.32 02.54 49.01 79.49
Ano N 146M 88.54 86.96 84.20 59.96 90.67 52.07 72.65 86.41
Ano S 163M 92.12 89.98 83.01 59.00 90.61 46.37 71.32 87.69
Ano R 377M 89.59 87.68 84.17 57.30 90.25 51.34 72.51 86.67
Ano L 456M 92.83 91.45 85.54 66.48 93.76 50.60 72.85 89.66

En
gl

ish
&

G
er

m
an Presidio 65.39 62.02 - - 60.29 - 26.38 39.69

GLiNER 89.75 78.87 84.00 53.27 76.42 02.48 54.49 80.71
Ano N 146M 94.82 91.53 91.49 62.72 90.43 52.38 77.69 90.68
Ano S 163M 94.31 92.23 89.75 63.15 89.82 54.82 78.19 89.94
Ano R 377M 94.87 92.70 89.94 65.15 90.76 57.19 79.29 90.63
Ano L 456M 95.38 93.95 92.21 68.52 90.51 54.95 79.44 91.83
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also argue that they may not necessarily require anonymisation, as they lack

definitive identifying information.

Another limitation of our approach is the requirement to train a model. Other

approaches incorporating large language models or solutions like GLiNER [291]

or Presidio [290] are designed to function in a zero-shot environment without any

additional training. Nevertheless, such solutions are either computationally

intensive, accessible only via an API, and/or exhibit weaker performance

(see Table 5.3).

5.5 Conclusion

We have introduced a novel text anonymisation approach that balances privacy

preservation with computational efficiency by distilling knowledge from large lan-

guage models into smaller, encoder-only models using named-entity recognition

and rule-based algorithms. Our lightweight system operates without the need

for manually labelled data or extensive computational resources and is suitable

for deployment on less powerful servers or personal computing devices. It can

easily be adapted to any domain and is currently deployed for the anonymisation

of financial documents and texts.

Our experiments demonstrate that our method outperforms existing solutions

like GLiNER [291] or Presidio [290], achieving higher F1-scores and, more

importantly, higher recall overall and in all entity classes. Even our smaller

models with fewer than 200 million parameters showed satisfactory and superior

performance, indicating their practicality for on-device deployment where

computational resources are limited and anonymisation is paramount.

In conclusion, our findings suggest that knowledge distillation offers a

scalable, customisable, and resource-efficient pathway for text anonymisation.

By harnessing the capabilities of LLMs, our approach holds significant promise

for enhancing privacy preservation in textual data across various domains.

Furthermore, with the continuous development of new LLMs, we can enhance

our framework by updating the teacher, i.e., the LLM, of our NER models.

Future work could shift the focus from the financial domain to different

languages or domains, such as social media, healthcare, or law, which require

a different set of entities but can likely be solved with the same framework as

introduced here. Additionally, one could test whether a performance degradation

is observed after replacing the raw, real-world data (see Section 5.3.1 and 5.4.1)

with synthetic data generated by an LLM, as seen, for example, in [318]. Another
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interesting avenue to explore is the effect anonymisation has on the performance

of LLM-powered downstream tasks like contradiction detection [129], factual

consistency evaluation [319], or automated regulatory compliance verification

[44], or on the direct, actual performance of LLMs, as evaluated by benchmarks

like the Open LLM Leaderboard [320].

5.5.1 Ethical Considerations

Our work focuses on enhancing privacy by anonymising sensitive information

in textual data across various domains. While our approach aims to protect

personal data and mitigate the risk of privacy breaches, it is important to

acknowledge that no anonymisation method, including manual anonymisation,

can provide a 100% guarantee of complete confidentiality, and our method is

no exception, as shown in Table 5.3.

Additionally, the opposite is also possible: if one applies the same approach

as the one in our model, the identification of sensitive information and entities

from arbitrary chunks of text could lead to the easier retrieval of said personal

information, which is an inherent risk of all named-entity recognition models.



Got to love computers. They do all the thinking for you so
you don’t have to.

— Andy Weir in Project Hail Mary [321]
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We present KPI-BERT, an end-to-end system that combines a Bidirectional

Encoder Representations from Transformers (BERT) [32] backbone with a

recurrent neural network (RNN) and conditional label masking to sequentially

tag entities and classify their relations to automatise the extraction of Key

Performance Indicators (KPIs) from financial documents. Building on

these efforts, we introduce KPI-EDGAR, a novel open-source dataset of

financial documents uploaded to the Electronic Data Gathering, Analysis,

and Retrieval (EDGAR) system, which provides a novel joint Named Entity

Recognition (NER) and Relation Extraction (RE) benchmark open to all

researchers. Additionally, we propose a new, word-level weighting scheme

that refines the conventional F
1

score, better capturing the inherently fuzzy

96
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boundaries of entity pairs in financial texts. Next, we investigate the impact

of introducing controlled noise into the fine-tuning process of pre-trained

language models to improve performance on joint NER and RE tasks,

demonstrating how targeted perturbations can yield favourable gains on the

KPI-EDGAR dataset. Finally, we extend our exploration to Large Language

Models (LLMs), examining their potential for tackling KPI extraction without

additional fine-tuning. We evaluate both proprietary and open-source LLMs

for their suitability in linking KPIs to corresponding values and attributes,

highlighting the technical challenges and substantial opportunities these

models present. Collectively, these studies illustrate the evolution of KPI

extraction techniques in financial domains, from tailored neural architectures

to zero-shot LLM-based approaches, illuminating the path towards more

efficient and accurate information extraction pipelines.

6.1 Introduction

This chapter is based on our publications “KPI-BERT: A Joint Named Entity
Recognition and Relation Extraction Model for Financial Reports” (co-authored

with Lars Hillebrand, Tim Dilmaghani, Bernd Kliem, Rüdiger Loitz, Christian

Bauckhage, and Rafet Sifa), “KPI-EDGAR: A Novel Dataset and Accompanying
Metric for Relation Extraction from Financial Documents” (co-authored with

Syed Musharraf Ali, Lars Hillebrand, Desiana Nurchalifah, Basil Jacob, Christian

Bauckhage, and Rafet Sifa), “Controlled Randomness Improves the Performance
of Transformer Models” (co-authored with Cong Zhao, Wolfgang Krämer, David

Leonhard, Christian Bauckhage, and Rafet Sifa), and “Leveraging Large Language
Models for Few-Shot KPI Extraction from Financial Reports” (co-authored with

Cong Zhao, Daniel Uedelhoven, Lorenz Sparrenberg, Lars Hillebrand, Christian

Bauckhage, and Rafet Sifa). These were published in the proceedings of the

26th International Conference on Pattern Recognition [11], the 21st and 22nd IEEE
International Conference on Machine Learning and Applications [12, 322] and the 12th

IEEE International Conference on Big Data [323], respectively.

Building on the hybrid mechanisms for representation learning explored in the

contradiction detection and named entity recognition chapters, here we investigate

how hybrid architectures can be used to find structured relationships within

financial documents. This relation extraction task is, like the anonymisation task

introduced in the previous chapter, an extension to named entity recognition,

and it provides an ideal proving ground for the hybrid paradigm, as it requires

models to jointly reason about multiple entities and their interdependencies, as

seen later in this chapter. Here, we explore how key performance indicators
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(KPIs) can be extracted and connected by combining contextual embeddings

with recurrent layers and regularisation strategies. In doing so, this chapter

reinforces the central argument of the thesis: that hybrid representation learning

yields information extraction models that are simultaneously data-efficient,

interpretable, and domain-adaptable.

In the context of business administration and accounting, KPIs, which are

defined as “vital navigation instruments used by managers to understand whether

their business is on a successful voyage or whether it is veering off the prosperous

path” [324], are typically understood to be quantitative measures that facilitate

descriptive, comparative, and predictive analyses as well as informed decision-

making [325, 326]. Examples include values such as revenue, interest expenses, profit,
and loss, which feature prominently in financial documents including income

statements, business plans, or 10-K annual reports. Extracting and linking such

indicators in an automated fashion can give businesses significant competitive

advantages by reducing the time needed for investors, analysts, or auditors to

parse large volumes of text [164].

6.1.1 Motivation and Context

To illustrate how the tasks of joint NER and RE allow the identification of

KPIs and their corresponding numerical value in financial texts, consider the

following example:

“In 1971, the Khazad-dûm Mining Company increased its revenue

KPI

to $2.5

CY

billion (prior year: $2.1

PY

billion) while the total operating costs

KPI

decreased to

$1.3

CY

billion (prior year: $1.5

PY

billion).”

In this snippet, the model is expected to identify the two KPIs (KPI) and link

them appropriately with their associated current year (CY) and prior year (PY)

values. The desired outcome is:

revenue

KPI

− 2.5

CY

, revenue

KPI

− 2.1

PY

, total costs

KPI

− 1.3

CY

, total operating costs

KPI

− 1.5

PY

However, the automatic extraction of KPI-related information from unstruc-

tured textual data poses considerable challenges. Several approaches to extracting

structured data from financial documents have been explored, although these

have often been rule-based and inflexible [327], limited to tabular data [326],

or focused exclusively on numerical checks [133].
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6.1.2 Our Contributions

In order to address the above-mentioned limitations, we introduce multiple

approaches for extracting KPIs and their relationships from both German and

English financial reports using state-of-the-art natural language processing (NLP)

techniques for joint NER and RE. Our research on this topic has been presented

in four main publications, covering:

1. KPI-BERT [11]: An end-to-end architecture combining a BERT [32] backbone

with an RNN and conditional label masking to sequentially tag entities

and classify their relations, aimed at automating KPI extraction in financial

documents. We compare our system against multiple baselines, which

also build on BERT-encoded word embeddings but utilise different entity

tagging schemes, namely span-based tagging [328], sequential Conditional

Random Field (CRF) tagging [329] and standard linear tagging [330].

2. KPI-EDGAR [12]: A publicly available dataset of 10-K financial reports

from EDGAR, coupled with a refined, word-level weighting scheme for the

conventional F
1

metric to better reflect the partial correctness and fuzzy

borders of predicted and ground-truth relations.

3. Controlled Randomness in Fine-Tuning [322]: A study examining how

injecting targeted noise into pre-trained language models to avoid overfitting

and instability during the fine-tuning process can improve the downstream

performance, leading to improved results on the KPI-EDGAR dataset.

4. LLMs for KPI-Extraction [323]: An evaluation of both proprietary and

open-source LLMs in a zero-shot or few-shot setting, highlighting their

potential and limitations for extracting KPIs without additional fine-tuning

and comparing them to our findings of the previous studies.

Collectively, our studies illustrate the evolution of automated KPI extraction in

the financial domain. Starting from a specialised BERT-based system for German

financial reports, our investigation extended to an open-source English dataset

with a novel metric for partial correctness, the introduction of controlled noise to

stabilise training, and finally, the move towards LLMs that can operate in a zero-

shot setting. Our studies highlight both how traditional neural architectures for

representation learning and classification can be tailored to solve domain-specific

challenges with high accuracy, how recent advances in language modelling



6. Relation Extraction 100

may enable more flexible and efficient approaches, and how more “traditional”

representation learning, supervised fine-tuning, and comparatively smaller RE

systems fare against state-of-the-art, zero-shot LLM-enabled relation extraction.

In doing so, we provide a comprehensive examination of the methodologies,

practical challenges, and potential future directions in extracting KPIs and their

associated relations from a variety of financial documents.

6.2 Related Work

Research in the area of automatic information extraction from text has frequently

focused on either NER, RE, or the joint learning of both tasks. Early studies, such

as [331] and [332], investigated hierarchically combining NER and RE in a pipeline

and showed empirically that information extracted in one task can benefit the

other. More recent work has reinforced the advantages of formulating them

jointly rather than as standalone processes (e.g., [188, 328, 333–343]). In particular,

many modern approaches leverage transformer-based language models like

BERT [32] or RoBERTa [55] to encode contextual information and improve overall

performance on NER and RE tasks. Further enhancements include strategies

for reducing annotation efforts [335], making models more compact [334], or

applying more advanced architectures such as graph neural networks [344],

multi-head selectors [345, 346], or triple classification [347]. [348] and [349]

fine-tuned LLMs to do few-shot extraction of relations in the legal and scientific

domain, respectively. For a more thorough review of the latest advances, we

refer to recent survey papers on joint NER and RE [350, 351].

Within the realm of financial texts, several lines of research have adapted these

techniques to extract key financial data. [352] utilised MLPs to build interpretable

accounting structures, albeit with pre-processed accounting variables rather

than fully unstructured text. [327] proposed a rule-based NER approach for

financial documents, and [326] introduced a hybrid system that recognises

paragraphs and tables before extracting targeted key performance indicators

(KPIs). More recent work has further demonstrated the benefits of transformer-

based architectures in handling domain-specific subtasks such as cross-checking

financial formulas [133], anonymising sensitive content [279, 353], or embedding

auditing functionalities into software tools [164].

Similar attempts at regularisation during neural network training as done in

our work [322], such as weight decay [174], dropout [354], or smart scheduling

of learning rates [355], have been proposed to mitigate overfitting. Although
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these approaches have historically been applied broadly in deep learning [356,

357], the explicit injection of noise into certain parts of pre-trained language

models [358] has only recently been explored.

In summary, the field of joint NER and RE has benefited greatly from modern

transformer architectures, and the financial domain provides a valuable use case

for demonstrating the real-world impact of these methods. Ongoing developments

in regularisation and zero-shot approaches promise further improvements in

performance, stability, and breadth of applicability, ultimately paving the way for

more automated and reliable data extraction pipelines in finance.

6.3 Methodology

In this section, we present the approaches corresponding to each contribution

outlined in Section 6.1.2. First, we introduce KPI-BERT, our BERT-based [32]

framework for joint NER and RE. We then propose a refined F
1

metric designed

to capture the fuzzy boundaries common in financial texts. Next, we examine

how targeted noise injection into the model parameters can act as an effective

regularisation mechanism. Finally, we show how LLMs can tackle the same

tasks addressed by KPI-BERT.

6.3.1 KPI-BERT

Our joint model for NER and RE, named KPI-BERT, comprises three intercon-

nected modules, trained end-to-end via gradient descent [359]. First, a BERT-based

encoder transforms the input sentence into a latent representation. Next, a Gated

Recurrent Unit (GRU) [5] decoder employs conditional label masking and its

tagging history to sequentially identify entities. Finally, a relation extraction (RE)

decoder links the predicted entities to form relations.

BERT-based Sentence Representation

Given a WordPiece [110] tokenised input sentence consisting of n subwords,

we use a pre-trained BERT model to obtain a sequence of n + 1 encoded token

representations, (rEc , r
E
1 , r

E
2 , . . . , r

E
n). Here, rEc ∈ ℝdE

serves as a context embedding

for the entire sentence, rEi ∈ ℝdE
represents the embedding of the i-th token, and

dE is the dimensionality of the chosen encoder E , i.e., the pre-trained BERT model.

To reduce model complexity and align with word-level annotations, we apply a

pooling function, P(·), that aggregates the subword embeddings corresponding
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to each word. Specifically, if the j-th word wj consists of m subwords, then we

define the representation rwj of this word as:

rwj := P(rEi , rEi+1, . . . , r
E
i+m−1), rwj ∈ ℝdE . (6.1)

While we also evaluate simple max- and mean-pooling methods, we employ a

more sophisticated trainable RNN-pooling mechanism built on a bidirectional

GRU. In particular, the subword embedding sequence (rEi , r
E
i+1, . . . , r

E
i+m−1) is

processed by forward and backward GRUs, Gforward
and Gbackward

, yielding the

final hidden states

hforward

j = Gforward

(
rEi , r

E
i+1 . . . , r

E
i+m−1

)
, (6.2)

hbackward

j = Gbackward

(
rEi+m−1, r

E
i+m−2, . . . , r

E
i

)
, (6.3)

where hforward

j ,hbackward

j ∈ ℝdE/2
. Finally, we concatenate these two hidden states

to obtain the representation of the j-th word,

rwj = hforward

j ⊕ hbackward

j . (6.4)

NER Decoder

By utilising the BERT-encoded and the pooled word embedding sequence

(rw1 , r
w
2 , . . . , r

w
n ), we employ a NER decoder to classify named entities within

the sentence. Specifically, we introduce a sequential GRU-based tagger with

conditional label masking, based on the IOBES annotation scheme, which extends

the IOB scheme introduced by [234]. In this scheme, each word is tagged with

a prefix among I- (inside), B- (begin), E- (end), or S- (single), while O (outside)

represents words not belonging to any entity. If we denote 𝔼
entities

as the set

of possible entity types, including the none class, as detailed in Table 6.2, the

actual number of IOBES entity tags is

|𝔼
IOBES
| = 4 (|𝔼

entities
| − 1) + 1. (6.5)

To illustrate the IOBES tagging scheme in detail, consider the following exam-

ple:

“The total net revenue of Rohan Express Couriers was $3.14 billion this year

and $2.72 billion last year.”

The corresponding IOBES label sequence should be:
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The total net revenue

O B-KPI I-KPI E-KPI

GRU

mask + softmax

rG1

GRU

mask + softmax

rG2

GRU

mask + softmax

rG3

GRU

mask + softmax

rG4

Figure 6.1: Sequential IOBES tagging (each entity class is prepended with the prefixes I-
(inside), B- (begin), E- (end) or S- (single), while O (outside) represents the none class)

leveraging a gated recurrent unit (GRU) and conditional label masking. rGj represents the

concatenation of the previously predicted label embedding with the word embedding

at position j. Along with the previous hidden state vector it gets passed to a GRU that,

followed by label masking and a softmax layer, predicts the next IOBES tag. The figure is

adapted from our paper [11].

“O, B-KPI, I-KPI, E-KPI, O, O, O, O, O, O, S-CY, O, O, O, O, O, S-PY, O, O, O,

O”.

To account for the sequential nature of entity tagging, we use a GRU in

combination with conditional label masking to sequentially predict IOBES tags,

taking into consideration previously predicted tags. This decoding process is

visualised in Figure 6.1 and described below.

First, we define a matrix R
label
∈ ℝ|𝔼

IOBES
|×d

IOBES
which contains learnable d

IOBES
-

dimensional representations of every IOBES label.

Second, we concatenate the pooled word embedding rwj with the embed-

ding of the previously predicted tag rlabel

j−1 , which yields the decoding input

representation of word j,

rGj = rwj ⊕ rlabel

j−1 , (6.6)

where rlabel

j−1 ∈ ℝd
IOBES

represents the label embedding of the previously predicted

IOBES tag. We set rlabel

0 to the embedding of the O label, as using a dedicated

beginning-of-sequence embedding did not improve results empirically.

Third, we feed rGj alongside the previous hidden state hj−1 into a GRU GNER
,

obtaining the hidden state

hj = GNER

(
rGj ,hj−1

)
. (6.7)

To generate the IOBES tag prediction for word j, we linearly transform hj ,

then apply a masking function Z followed by a softmax operation:

ŷj = softmax (Z (W
lin
hj + a

lin
)) , (6.8)
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Table 6.1: Comprehensive overview of all allowed relations and their uniqueness. “1:1”:

One entity of type 1 can only be linked to one entity of type 2, “1:n”: One entity of type

1 can be linked to many entities of type 2. “-”: No relation possible. The table is adapted

from our paper [11].

KPI CY PY INCREASE DECREASE DAVON DAVON-CY DAVON-PY

KPI - 1:1 1:1 1:1 1:1 1:n - -
CY 1:1 - - - - - - -
PY 1:1 - - - - - - -
INCREASE 1:1 - - - - - - -
DECREASE 1:1 - - - - - - -
DAVON n:1 - - - - - 1:1 1:1
DAVON-CY - - - - - 1:1 - -
DAVON-PY - - - - - 1:1 - -

where W
lin

and a
lin

are learnable parameters of the linear transformation. The

masking function Z rules out invalid IOBES tag predictions based on the

previously predicted label. For instance, if argmax
(
ŷj−1

)
is O or has the prefix

S or E, then all I- and E- labels are masked out for the current prediction.

Conversely, if argmax
(
ŷj−1

)
begins with B or I, the next tag must continue

the same entity type with I- or E-, effectively reducing the decision to binary

classification in that specific step.

Next, we map the predicted IOBES tags and corresponding word embeddings

rwj to entity-level spans by applying the same pooling function as described in

Equation (6.1). Finally, we concatenate these pooled entity representations with a

span size embedding rwidth

m . This embedding is taken from a dedicated embedding

matrix R
width

∈ ℝℓ×d
width

of fixed-size representations of dimensionality d
width

for span lengths from 1 to ℓ. Specifically, the representation for an entity e

of width m is:

re := P(rwj , rwj+1, . . . , r
w
j+m−1)⊕ rwidth

m , (6.9)

where re ∈ ℝdE+d
width

.

RE Decoder

We define a single relation type, matches, to link two entities. This relation is

symmetric, as it makes no practical difference whether a KPI is matched to its value

or vice versa. Furthermore, we limit candidate entity pairs to those marked as valid

in the relation matrix (see Table 6.1), which lists permitted entity combinations.

After the model has processed an input, we further enforce the uniqueness

constraints from Table 6.1. Specifically, if two entities are predicted to form
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a unique relation more than once, we retain only the pairing with the higher

confidence score. For example, if two KPI entities are matched to a single

current-year value, we keep only the KPI–value pair with the higher score.

Following established practice, we obtain candidate pairs ei and ej , where

i < j, from the set of all valid entity combinations in the input sentence. For each

pair, we concatenate their representations with a local context embedding r
local

.

In contrast to the global sentence-level embedding rc, rlocal
is derived by pooling

the encoded word embeddings between ei and ej , defined as

r
local

(ei, ej) := P(rEi , . . . , rEj ), r
local

(ei, ej) ∈ ℝdE . (6.10)

As observed by [328], this local context proves more effective for relation

classification than the global BERT context token rc. Therefore, we define:

x
RE
(ei, ej) := rei ⊕ r

local
(ei, ej)⊕ rej , (6.11)

where x
RE
(ei, ej) ∈ ℝ3dE+2d

width
. Since the matches relation is symmetric, we

do not compute x
RE
(ej, ei).

Our binary relation classifier, a logistic regression, is then given by

ŷ
RE

= A
(
w⊤

RE
x

RE
(ei, ej) + a

RE

)
, (6.12)

where A(·) is the sigmoid function, and w
RE
∈ ℝ3dE+2d

width
and a

RE
∈ ℝ are

learnable parameters. If the output of (6.12), i.e., ŷ
RE

, exceeds a confidence

threshold τ
RE

, we consider ei and ej to form a valid match.

6.3.2 Regularisation by Injecting Noise

Let

[
W1,W2, . . . ,Wn

]
denote the parameter matrices of a language model, where

n indicates the total number of distinct parameter types. Following [358], we

define the perturbed version W̃i of a parameter matrix Wi as:

W̃i := Wi + U
(
−λ

noise

2
,
λ

noise

2

)
· σ
(
Wi

)
, (6.13)

where U(x1, x2) denotes uniformly distributed noise ranging from x1 to x2, λnoise

is a tunable hyperparameter controlling the noise intensity, and σ(·) computes

the standard deviation of its argument. Therefore, parameters with higher

variance receive more noise.

In addition to simply adding such noise to all parameters, as seen in [358], we

investigate how the performance of the downstream task is affected when we

only partially inject the noise term into certain parts of the model.
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While [358] applies this perturbation globally, we investigate how selectively

adding noise to certain parts of the model affects downstream performance.

Specifically, we insert noise only into biases, only into weights, or into both at

different intensities. In the context of relation extraction, we additionally inject

noise into the residual connection and the layer-normalisation parameters. We

also split the BERT [32] encoder into two separate layer zones, injecting noise with

different intensities in each. This partitioning is inspired by [117], who theorised

that BERT encodes different linguistic features at various layer depths.

Therefore, we modify Equation 6.13 by only perturbing a certain part of

the parameter matrix Wi:

W̃loc

i = Wloc

i + U
(
−λ

noise

2
,
λ

noise

2

)
· σ
(
Wloc

i

)
, (6.14)

where Wloc
i denotes the localised, i.e., restricted to certain parts of the model,

section of Wi, and W̃loc
i is its perturbed counterpart.

6.3.3 Few-shot KPI Extraction with LLMs

To compare our previously introduced, fine-tuned approaches to state-of-the-

art decoder-only setups, we evaluate how effectively LLMs can extract KPI-

related information in a few-shot setting by crafting prompts to enforce JSON-

formatted output. We then parse the generated JSON, aligning predicted relations

with ground-truth references.

Generation of JSON output

Among the models tested, only GPT-3.5 Turbo [40], GPT-4 [41], and Mis-

tral Large [270] explicitly support JSON output through their APIs. Other

models must produce valid JSON autonomously. Outputs failing to comply with

the JSON format or the KPI-EDGAR schema, detailed in Table 6.7, automatically

receive an F
1

score of zero.

Extraction of Ranges from Generated Entities

In mapping each predicted entity to the corresponding text span, we start by

attempting a full-span match between the model’s predicted entity and the

ground truth. Specifically, we compare each token in the predicted entity against

the tokens in the sentence, checking sequentially from the first token to the

last. If an exact match in token content and order is found, we retrieve the

matching token indices (the range) and stop.
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If no full-span match is detected, we gradually reduce the span length by

creating all possible sub-spans of size ℓ− ι, where ℓ is the original span length, and

ι is incremented from 1 to ℓ− 1. Each sub-span undergoes the same sequential

token-level comparison. This process is inspired by the adjusted F
1

metric from

Equation (6.21). If none of these sub-spans align with the ground truth, we

consider the entity to be invalid and assign an F
1

score of zero for that match.

Fuzzy Word Matching

In practice, word-level comparison must allow for certain exceptions to preserve

essential information without sacrificing overall accuracy. Ideally, two strings

are deemed equal if they match exactly. However, generated or ground-truth

entities can contain noisy variations, such as enumerations, different tenses,

or inconsistent numerical formatting (e.g., different floating-point precision, or

stating “1.5 million” rather than “1,500,000”). In such cases, we still treat the

strings as matching because the key information remains intact.

Prompt Design

Our prompt explicitly requests the extraction of KPIs and their corresponding

values in JSON format. We specify the different entity classes that can appear

in the dataset and provide multiple example sentences with their ground-truth

entities. Each entity category is showcased at least once to improve the model’s

internal representation of, and response to, each type.

We iteratively refined the prompt using observations from model outputs

to further enhance performance. This included ensuring numerical formatting

that aligns with the ground truth, stressing that text extracted must match the

original content verbatim, reiterating the requirement of one-to-one mappings,

and insisting upon a JSON-formatted answer. The prompt satisfying these

requirements is available in the Appendix B.1.

6.3.4 Baselines

In this subsection, we briefly outline the additional baselines used for comparison.

We present the span-level baselines, followed by the CRF baselines, and conclude

with further token-level baselines. The latter involves models that replace the

encoder, including EDGAR–W2V [360], GloVe [71], and tf-idf vectorisation [67].
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Span-Level Baseline

At the core of span-level model, we use the same architecture as presented in [328],

where they named the model SpERT, a designation we also adopt for our approach.

Passing a byte-pair encoded input sentence of length n through BERT [32], we

obtain n + 1 token representations, (rEc , r
E
1 , r

E
2 , . . . , r

E
n), where rEc represents the

contextual embedding for the entire sentence and rEi the embedding for the token i.

In contrast to our KPI-BERT approach, we classify entire entity spans instead

of individual tokens. Thus, we generate all possible token subsequences from the

encoded BERT output, up to a maximum span length l, set to l = 10 to remain

consistent with the original configuration of [328]. For example, given the input

(Gimli son of Glóin), we form the spans:

• (Gimli),

• (son),

• (of),

• (Glóin),

• (Gimli, son),

• (son, of),

• (of, Glóin),

• (Gimli, son, of),

• (son, of, Glóin),

• (Gimli, son, of, Glóin).

Thereafter, each span is classified into entity types, and for each possible entity

pair, we predict whether it is linked.

Unlike the approach in [328], we additionally filter overlapping entity spans

by removing those with a lower classification score. This is because overlapping

spans are not permissible in our application of extracting KPIs from financial

documents. To illustrate, consider the previous example. If we assume that the

span (Gimli) and (Gimli, son, of, Glóin) are both classified as entities,

the former with a score of 0.5 and the latter with 0.75, then in our approach, we

would only retain the entity (Gimli, son, of, Glóin).
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CRF Baseline

As a competing approach to KPI-BERT, we implement a CRF layer, with the

final sequence of NER tags determined using the Viterbi algorithm [361]. CRFs

are probabilistic models particularly well-suited for sequence labelling tasks

like NER [362]. Unlike models that make independent classification decisions

for each token, a CRF considers the entire input sequence to predict the most

probable sequence of labels globally. This inherent ability to model dependencies

between adjacent labels allows the CRF to learn and enforce constraints on

the output tag sequence, leading to more coherent predictions [363–365]. For

example, such a CRF can learn that an “I-KPI” tag is unlikely to follow an “O”

tag without an intervening “B-KPI” tag.

The input to our CRF layer consists of the contextualised token embeddings

generated by the preceding sentence encoder. The Viterbi algorithm then searches

through all possible tag sequences to find the one with the highest overall

probability, given the representations from the tokens and the learned transition

scores between tags within the CRF model.

Further Token-Level Baselines

As previously defined, KPI-BERT consists of three main components: a sentence

encoder, an NER decoder, and an RE decoder. To generate additional baselines,

the sentence encoder of KPI-BERT is replaced with EDGAR–W2V [360], GloVe

[71], and tf-idf vectorisation [67] models. The remainder of the architecture

remains unchanged. For these baselines, sentences are tokenised into words

rather than WordPiece tokens.

For EDGAR–W2V and GloVe, word embeddings are extracted from the pre-

trained embeddings provided by their respective authors. For tf-idf, the model is

trained on the tokenised sentences from the training set of our data. Subsequently,

word embeddings are obtained by first generating the tf-idf embedding for

the entire sentence. Then, the tf-idf score of each word is extracted from this

sentence embedding and stored in a sparse vector representation, where all

entries are zero except for the entry representing the extracted tf-idf score. For

words that are not present in the vocabulary in any of these three approaches,

a random vector is substituted.
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6.3.5 Adjusted F1 Metric

To better capture the actual performance of relation extraction in financial texts,

we propose an adjusted F
1

metric that awards partial credit when parts of an

entity are correctly identified.

Given the following example sentence and ground truth relations,

“This year, Palantír Communications Network (PCN) recorded $3.2

CY

million in infrastructure maintenance expenses

CY

and $1.8

CY

million in

Palantír channelling costs

KPI

.”

infrastructure maintenance expenses

KPI

− 3.2

CY

, Palantír channelling costs

KPI

− 1.8

CY

,

we found that predictions often omit a part of non-numerical entities like the KPI

entity. In this example, predicting channelling costs instead of Palantír channelling
costs yields a strict, conventional F

1
score of zero for both relations, despite

capturing the main concept accurately.

To address this, we first define 𝕠i as the overlap or intersection between the

predicted tokens of entity i and their ground truth

𝕠i := 𝕖i,pred
∩ 𝕖i,gt

, (6.15)

where 𝕖i,pred
and 𝕖i,gt

are sets of token identifiers for the predicted and ground-

truth entity spans, respectively.

Next, the true positives (tp
relation

), false negatives (fn
relation

), and false positives
(fp

relation
) for a relation between entities i and j are calculated by:

tp
relation

=
1

2

(
|𝕠i|∣∣𝕖i,gt

∣∣ + |𝕠j|∣∣𝕖j,gt

∣∣
)

(6.16)

fn
relation

= 1− tp
relation

(6.17)

fp
relation

=
1

2

(∣∣𝕖i,pred

∣∣− |𝕠i|∣∣𝕖i,pred

∣∣ +

∣∣𝕖j,pred

∣∣− |𝕠j|∣∣𝕖j,pred

∣∣
)
, (6.18)

where the operation | · | denotes set cardinality.

With these, we can calculate precision, recall, and the F
1

score in the

conventional way:
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precision
relation

=
tp

relation

tp
relation

+ fp
relation

(6.19)

recall
relation

=
tp

relation

tp
relation

+ fn
relation

(6.20)

F1,relation
= 2 · precisionrelation

· recall
relation

precision
relation

+ recall
relation

. (6.21)

This adjusted metric is applied solely to evaluate approaches on our KPI-

EDGAR dataset, as the dataset was developed specifically to align with this

metric. For the proprietary dataset introduced alongside KPI-BERT [11], the

standard F
1

metric is used, because the original publication and its associated

evaluation predated the introduction of this adjusted metric.

6.4 Experiments

In this section, we introduce our two datasets, describe how we trained and

evaluated our relation extraction models, and present their respective perfor-

mance outcomes.

6.4.1 Proprietary Dataset

This section details our proprietary dataset and examines the results obtained

by KPI-BERT, followed by an exploration of various ablation studies. We begin

with a description of the dataset creation, then outline our training configuration,

and finally discuss model performance.

Dataset

Our dataset comprises 500 manually annotated financial documents, spanning

a total of 15,394 sentences. These were collected from the Bundesanzeiger1
, an

online platform maintained by the German Ministry of Justice, where businesses

are legally required to publish financial statements and related documents

(see § 325 HGB [366]).

The pre-processing phase involves:

1. Tokenisation: We first split each report into sentences and then into

individual words using the syntok Python library.

1
bundesanzeiger.de

https://www.bundesanzeiger.de/


6. Relation Extraction 112

Table 6.2: Description and support of all entity types in the proprietary KPI-BERT dataset,

excluding the none type. The table is adapted from our paper [11].

Entity Support Description

KPI 16849 Key Performance Indicators expressible in numerical and monetary

value, e.g. revenue or net sales.

CY 11498 Current Year monetary value of a KPI

PY 5057 Prior Year monetary value of a KPI.

INCREASE 356 Increase of a KPI from the previous year to the current year.

DECREASE 230 Decrease of a KPI from the previous year to the current year.

DAVON 8827 Davon, German for thereof, represents a subordinate KPI, i.e. if a KPI

is part of another, broader KPI.

DAVON-CY 8443 Current Year value of a thereof KPI.

DAVON-PY 4382 Prior Year value of a thereof KPI.

2. Monetary Tagging: We apply rule-based heuristics to identify monetary

values and capture their scale (e.g., “million”) and currency unit (e.g., “$”).

3. Sentence Filtering: We retain only those sentences that contain a recognised

monetary value, as our primary interest is matching KPIs with their

respective financial amounts.

4. Manual Annotation: We then generate token- and span-level annotations,

specifying entity types and their relations.

A team of six qualified auditors, overseen by a senior auditing expert, carried

out the manual annotation. Table 6.2 lists the entity classes and their respective

frequencies. During annotation, the definitions of entity classes underwent

several iterations to account for variations and edge cases in the data. In particular,

distinguishing between kpi and davon posed challenges depending on sentence

context. After completing the annotation, the senior auditor performed a quality

check on 50 randomly selected documents, confirming that the overall annotations

were of high quality. Due to time and budget constraints, each document was

annotated only once, preventing us from reporting an inter-annotator agreement

metric. Nevertheless, we remain confident in the dataset’s overall accuracy.

Finally, the pre-processed dataset was split at the document level into training,

validation, and test sets, containing 13,835, 821, and 738 sentences, respectively.

Baselines

We compare our proposed model to three alternative architectures, each using the

same BERT-based sentence encoder from Section 6.3.1 to ensure fair comparisons.
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Table 6.3: Hyperparameter configurations evaluated by grid search. The best

configuration on the validation set is highlighted in boldface. The table is adapted

from our paper [11].

Hyperparameter Configurations

Word-, entity- and context pooling Bi-GRU, Min, Max

NER decoding GRU, CRF, Span, Linear

Conditional label masking True, False

Dropout 0.0, 0.1, 0.2, 0.3
Confidence threshold (τRE) 0.4, 0.5, 0.6
Filtering impossible relations True, False

Removing overlapping relations True, False

Batch size 2, 4, 8
Learning rate 5e−5

, 1e−5
, 5e−6

Weight decay None, 0.01, 0.1
Gradient normalization None, 1.0

First, we replace the GRU-based NER decoder with a simple linear layer that

classifies named entities in parallel, based on the BERT-encoded word embeddings.

This approach, described in [330], serves as a straightforward baseline because

it disregards inter-label dependencies when predicting entity tags.

Second, we use SpERT [328] as introduced in Section 6.3.4. Our implementation

closely follows the original implementation, but with two extensions: we include

our novel Bi-GRU pooling method in the hyperparameter search and apply

additional filtering for overlapping or invalid relations.

Third, we implement a CRF using Viterbi decoding [361] as a NER decoder.

This is a popular setup for NER due to its ability to model label dependencies [363–

365, 367]. To enable a fair comparison, we integrate the IOBES label constraints (see

Table 6.1) by masking any invalid class transitions in the trainable transition matrix.

Training Setup and Hyperparameter Selection

To determine the optimal hyperparameter configuration for each model, we

conduct an extensive grid search by evaluating different parameter combinations

on the validation set’s relation classification F
1
-score. A relation is counted as

correct if the spans and types of both related entities are accurately predicted.

Table 6.3 lists all fine-tuned model parameters with their respective value ranges,

highlighting in bold the best-performing setup on the validation set. Note that the

“NER decoding” row distinguishes KPI-BERT (GRU
LM

, i.e., GRU with conditional

label masking) from the baseline models.

All approaches employ the cased bert-base encoder, pre-trained on a large

German text corpus of over two billion tokens drawn from Wikipedia dumps,
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Table 6.4: Ablation study of our tuned KPI-BERT model, applying different pooling

functions and removing filtering heuristics and conditional label masking. F
1
-scores are

reported on the validation set. The table is adapted from our paper [11].

Configuration/Ablations Relation F1 in %

KPI-BERT 70.32
No conditional label masking 69.25
No filtering overlapping relations 69.73
No filtering impossible relations 69.47
No filtering impossible & overlapping relations 69.04

KPI-BERT
max pooling

69.16
KPI-BERT

mean pooling
69.34

news crawls, and other sources. Released by the MDZ Digital Library team

(dbmdz),
2

it has the same architectural specifications as the English bert-base
model: 12 multi-head attention layers, each with 12 attention heads, and 768-

dimensional output embeddings. We initialise all trainable parameters from a

normal distribution N (0, 0.02), fix the random seed at 42 for every training run,

and adopt the AdamW optimiser [174] with a linear warm-up (10% of the total

steps) followed by a linear decay learning rate schedule.

Furthermore, we set the width embedding dimension d
width

to 25, the label

embedding dimension d
IOBES

to 128 (where applicable), and sample at most

100 negative relation instances per sentence. We additionally experiment with

different dropout rates before the entity and relation classifiers, as well as varying

levels of weight decay and gradient normalisation. The peak learning rate, batch

size, and threshold τ
RE

for relation prediction are also varied and evaluated.

Each model variation is trained for 20 epochs, and the best checkpoint is

identified through early stopping.
3

Ablation Study

During hyperparameter tuning, we paid particular attention to certain parameter

ablations of KPI-BERT, with the corresponding results summarised in Table 6.4.

First, conditional label masking increases the model’s relation F
1
-score on the

validation set by 1.07 percentage points, indicating the value of incorporating

prior knowledge in the form of label dependencies. Second, we examined the

effect of different pooling mechanisms: results show that trainable bidirectional

GRU-based pooling layers outperform simple mean and max pooling by 1.16

2
huggingface.co/dbmdz/bert-base-german-cased

3
The best relation F1-score on the validation set for KPI-BERT is achieved by epoch 18.

https://huggingface.co/dbmdz/bert-base-german-cased
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Table 6.5: Test set evaluation of the joint named entity and relation classification task,

reporting mean (standard deviation) Precision-, Recall- and F
1
-scores of 10 identical

training runs with varying seeds. Our model, KPI-BERT, outperforms the competing

state-of-the-art architectures in both entity extraction and relation linking. A relation is

only considered correct, if both the spans and the types of the two related entities are

classified correctly. The table is adapted from our paper [11].

(a) Entity scores in %

Name Configuration Precision
∗

Recall
∗

F
∗
1

– BERT + Linear + RE 76.81 (1.00) 81.57 (0.59) 79.12 (0.72)

SpERT BERT + Span + RE 75.67 (0.63) 83.45 (0.46) 79.37 (0.47)

– BERT + CRF + RE 79.80 (0.63) 82.35 (0.51) 81.05 (0.51)

KPI-BERT BERT + GRU + RE 79.87 (0.55) 82.31 (0.55) 81.08 (0.53)

∗
micro average

(b) Relation scores in %

Name Configuration Precision Recall F1

– BERT + Linear + RE 66.95 (1.51) 69.34 (1.13) 68.12 (1.26)

SpERT BERT + Span + RE 67.00 (0.84) 69.48 (0.63) 68.22 (0.61)

– BERT + CRF + RE 70.68 (0.81) 70.62 (0.93) 70.65 (0.83)

KPI-BERT BERT + GRU + RE 70.33 (0.55) 71.43 (0.60) 70.88 (0.55)

percentage points. Third, we evaluated how filtering overlapping and impossible

relations influences overall performance. Although both heuristics improve the

relation extraction F
1
-score, the exclusion of impossible relations yields a larger

gain, which aligns with the task’s simplified structure due to many relations

being impossible, as seen in Table 6.1.

Results

After selecting the best hyperparameters, we train KPI-BERT and each baseline

on the union of the original training and validation sets from scratch. To account

for variability arising from random weight initialisation, every model is trained

ten times with different seeds. We then evaluate the resulting checkpoints

on the held-out test set for the joint named entity recognition and relation

extraction task. Table 6.5 reports the mean and standard deviation of each

metric across the ten runs.

KPI-BERT scores the highest for both entity and relation classification,

achieving F
1
-scores of 81.08% and 70.88%, respectively. By contrast, SpERT

and the linear NER decoder perform remarkably worse on both tasks, most likely

because they ignore label dependencies when predicting entity tags. The CRF-

based model with conditional label masking does consider such dependencies, yet
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Table 6.6: Description and support of all entity types in the KPI-EDGAR dataset, excluding

the none type. The table is adapted from our paper [12].

Entity Support Description / Annotation Guideline

KPI 1341 Key Performance Indicators expressible in numerical and

monetary value, e.g. revenue or net sales.

CY 1211 Current Year monetary value of a KPI.

PY 619 Prior Year monetary value of a KPI.

PY1 307 2 Year Past Value of a KPI.

INCREASE 35 Increase of a KPI from the previous year to the current year.

INCREASE-PY 15 Analogous to increase, but from py1 to py.

DECREASE 23 Decrease of a KPI from the previous year to the current year.

DECREASE-PY 11 Analogous to decrease, but from py1 to py.

THEREOF 507 Represents a subordinate KPI, i.e. if a KPI is part of another,

broader KPI.

ATTR 272 Attribute that further describes a KPI.

KPI-COREF 11 A co-reference to a KPI mentioned in a previous sentence.

FALSE-POSITIVE 170 Captures tokens that are similar to other entities, but are

explicitly not one of them, e.g. when the writer of the report

forecasts next year’s revenue.

it still lags behind KPI-BERT and exhibits a larger standard deviation, indicating

lower robustness to random initialisation.

6.4.2 KPI-EDGAR

In this section, we describe our published open-source dataset titled “KPI-EDGAR”

and discuss the results obtained by various fine-tuned and zero-shot approaches.

As before, we begin this section with a description of the dataset and its creation,

then we outline which baselines we use for benchmarking, and we close this

section with the performances of various model configurations.

Dataset

Our corpus comprises 81 manually annotated 10-K reports containing 1,355

sentences, 4,522 entities, and 3,841 relations. A 10-K report is a comprehensive

financial annual filing in which a publicly listed company discloses its financial

performance. All documents were scraped from the EDGAR (Electronic Data

Gathering, Analysis, and Retrieval) system, a database maintained by the U.S.

Securities and Exchange Commission that hosts statutory filings for every company

traded on U.S. exchanges.

For pre-processing, we use the same methodology as before. To reiterate

this process: First, each report is tokenised into sentences and subsequently

into words. Next, monetary values are detected, along with their scale (e.g.,
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Table 6.7: Comprehensive overview of all allowed relations and their uniqueness. “1:1”:

One entity of type 1 can only be linked to one entity of type 2, “1:n”: One entity of type

1 can be linked to many entities of type 2. “-”: No relation possible. The table is adapted

from our paper [12].

KPI CY PY PY1 INCREASE INCREASE-

PY

KPI - 1:1 1:1 1:1 1:1 1:1
CY 1:1 - - - - -
PY 1:1 - - - - -
PY1 1:1 - - - - -
INCREASE 1:1 - - - - -
INCREASE-PY 1:1 - - - - -
DECREASE 1:1 - - - - -
DECREASE-PY 1:1 - - - - -
THEREOF n:1 1:1 1:1 1:1 1:1 1:1
ATTR n:1 - - - - -
KPI-COREF - 1:1 1:1 1:1 1:1 1:1
FALSE-POSITIVE - - - - - -

(a)

DECREASE DECREASE-

PY

THEREOF ATTR KPI-

COREF

FALSE-

POSITIVE

KPI 1:1 1:1 1:n 1:n - -
CY - - 1:1 - 1:1 -
PY - - 1:1 - 1:1 -
PY1 - - 1:1 - 1:1 -
INCREASE - - 1:1 - 1:1 -
INCREASE-PY - - 1:1 - 1:1 -
DECREASE - - 1:1 - 1:1 -
DECREASE-PY - - 1:1 - 1:1 -
THEREOF 1:1 1:1 - - n:1 -
ATTR - - - - n:1 -
KPI-COREF 1:1 1:1 1:n 1:n - -
FALSE-POSITIVE - - - - - -

(b)

billion) and currency unit (mostly U.S. dollars), using rule-based string-matching

heuristics. This enables us to retain only those sentences containing a monetary

expression, as the dataset’s primary aim is to link numerical amounts to the

corresponding KPIs. The selected sentences are then annotated for word-level

entities and their relations.

Four annotators, overseen by a senior auditing specialist, produced the

annotations. The set of entity classes (Table 6.6) and the relation matrix that

restricts permissible links between entities (Table 6.7) were defined in consultation

with a wider group of auditors, whose feedback proved invaluable during the

project’s early stages. To assess annotation quality, the lead auditor re-annotated

41 documents originally labelled by the other three annotators. The resulting
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Table 6.8: Model performances, measured in the conventional as well as adjusted (see

subsection 6.3.5) F
1

score, of the models described in sections 6.3.1 and 6.3.4 on KPI-

EDGAR. The table is adapted from our paper [12].

Model Relation F1 in % Adjusted Relation F1 in %

KPI-BERT 22.68 43.76
SpERT 20.95 40.04
EDGAR–W2V 6.13 19.71
GloVe 5.11 17.18
tf-idf 0 0.25

inter-annotator agreement, measured as Cohen’s κ 4
[7] at the word level, is

0.7037. During the analysis of the results, we provide further discussion, and

Table 6.10 shows additional inter-annotator statistics.

Baselines

To benchmark our primary KPI-BERT model (Section 6.3.1), we evaluate several

baseline configurations. These alternatives replace KPI-BERT’s sentence encoder

with EDGAR–W2V [360], GloVe [71], or TF-IDF vectorisation [67], as detailed in

Section 6.3.4. The performance of these baselines, alongside KPI-BERT, in their

standard noise-free state provides comparative results.

We further investigate the impact of noise injection as a regularisation

technique on KPI-BERT, following the methodology in Section 6.3.2. First,

noise is applied globally to all model weights, as shown in [358] and Equation 6.13.

Second, more targeted noise injection strategies (detailed in Section 6.3.2 and

Equation 6.14) are employed. For the KPI-BERT models, this involves adding

targeted noise to residual connections, layer normalisation parameters, and

distinct BERT layer zones.

Results

First, we evaluate several approaches on our KPI-EDGAR dataset: namely the

ones introduced in Section 6.3.1 and 6.3.4, KPI-BERT, SpERT, EDGAR–W2V, GloVe,

and tf-idf. Table 6.8 presents both the conventional and the adjusted F
1

scores

for these configurations. An initial and obvious observation is that approaches

without a transformer-based encoder perform substantially worse compared

to those that utilise such an encoder. Given the sequential and context-based

nature of detecting and extracting key performance indicators and their values,

4
Cohen’s κ ranges from 1 (perfect agreement) to -1 (complete disagreement), with 0 indicating

chance-level agreement; see [368] for interpretation guidelines.
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Table 6.9: Several example sentences from the test set of KPI-EDGAR with joint named

entity recognition and relation extraction results. Green, Blue and Yellow represent

“true positive”, “false positive”, and “false negative” entity and relation classifications,

respectively. The predictions are generated by KPI-BERT [11]. The table is adapted from

our paper [12].

Sentence with predicted Entities Relations

(a) Entity boundaries are debatable, leading to arguably correct predictions but

a conventional F1 score of zero

1 (a) [[Unrealized gains

kpi kpi

] totaled] $[96

cy

] million in 2020, $[88

py

] million in 2019

and $[73

py1

] million in 2018 [...].

kpi – cy

kpi – cy

kpi – py

kpi – py

kpi – py1

kpi – py1

2 As of December 31, 2020 and 2019, the Company’s [Medicare Part D

kpi

[receivables

kpi

]] amounted to $[2.9

cy

] billion and $[2.3

py

] billion, respectively.

kpi – cy

kpi – cy

kpi – py

kpi – py

(b) Difference in prediction and ground truth, however both are viable options.

Nevertheless, the conventional and adjusted F1 score will assign 0 here.

3 As a result, we recognized $[50

cy

] million of [costs

kpi

] primarily related

to [employee termination expenses and losses

kpi

] from closing certain stores

impacting both segments.

kpi – cy

kpi – cy

this outcome aligns with our expectations for attention-based models, given

their inherent capacity to model such relationships. Furthermore, the tf-idf

vectorisation approach proved entirely unable to capture these relationships.

Considering the adjusted F
1

score, it is, as expected, notably higher than the

conventional score. This begs the question: does it do a better job in actually

measuring the success of the prediction?

To address this question, Table 6.9 presents several examples taken directly

from the test set of KPI-EDGAR. Subtable (a) highlights instances where our

adjusted F
1

score allows the metric to reflect more accurately the model’s true

performance. These examples also reveal a critical challenge that both annotators

and, consequently, machine learning models encounter when extracting KPIs

from financial documents: Where are the exact boundaries of an entity? What

are relevant pieces of information that still belong to the entity in question, and

which information is less important? Often, two expert auditors will differ in

their opinions regarding the precise placement of these boundaries.

This inherently ambiguous and noisy process can also be observed from

Table 6.10, which reports various Cohen’s Kappa scores. The table indicates that
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Table 6.10: Cohen’s Kappa [7] scores of various input series. All words includes all word

tokens. Only entities only includes word tokens that belong to an entity annotation. Types

starting with Entity: are calculated by only considering word tokens that are of such an

entity. The table is adapted from our paper [12].

Type Cohen’s Kappa

All words 0.7037

Only entities 0.4885

Entity: KPI 0.0822
Entity: CY 0.5972
Entity: PY 0.6657
Entity: PY1 0.6095
Entity: INCREASE 0.7419
Entity: INCREASE-PY 0.5556
Entity: DECREASE 0.7713
Entity: DECREASE-PY -0.1538
Entity: THEREOF 0.3053
Entity: ATTR -0.1076
Entity: KPI-COREF -0.2592
Entity: FALSE-POSITIVE -0.7587

annotators exhibit strong agreement on the location of numeric entities such as

CY or PY; however, the location, and particularly the boundaries, of non-numeric

entities like KPI or THEREOF are subject to greater debate.

Therefore, we suggest that our proposed adjusted F
1

score, by design,

accommodates some imprecision in the predicted boundaries. Consequently, it

should be better able to capture these fuzzy borders more accurately, particularly

when compared with the conventional strict F
1

score.

Nevertheless, the adjusted F
1

score cannot fully account for all variations in

annotation and prediction differences, as illustrated in Subtable (b) of Table 6.10.

Detecting that both options are viable presents a significantly greater challenge.

This level of discrimination would require in-depth auditing knowledge, a

capability that our proposed weighting scheme inherently cannot possess.

Thereafter, we evaluate the noise injection approach introduced in [322]

and detailed in Section 6.3.2. As shown in Table 6.11, the application of

noise generally enhances the models’ ability to generalise. This targeted noise

injection strategy resulted in a remarkable increase of 2.85% in F
1

score compared

to the non-perturbed model, and an improvement of 1.09% over the global

NoisyTune approach [358]. These results, therefore, confirm the findings of [358]

regarding the benefits of noise injection. Furthermore, our findings demonstrate

that performance can be further enhanced beyond global noise application by

selectively applying noise to specific components of the model architecture.
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Table 6.11: Results of adding noise to certain parts of KPI-BERT, evaluated on KPI-EDGAR.

Adding noise to all parameters is equivalent to the approach from [358]. Add&Norm

refers to the process of adding noise to residual connections and layer normalisation. The

table is adapted from our paper [322] and the models were retrained.

Noise added to λnoise Adjusted F1 in %

Nothing 0.00 43.76
All 0.81 45.52
Bias 0.41 46.61
Weights 0.50 45.05
Add&Norm 0.20 46.27
Layer zones 0.90 44.81

Finally, to provide a broader perspective, we also evaluated a diverse set of nine

LLMs on the KPI-EDGAR dataset utilising the prompt presented in Appendix B.1.

The results of this are presented in Table 6.12. In these few-shot evaluations,

proprietary models generally outperformed their open-source counterparts.

Mistral-Large [270] achieved the highest F
1

score among the LLMs, at 30.75,

followed by GPT-4 [41] and GPT-3.5-turbo [40] with scores of 26.91 and 23.89,

respectively. Open-source models such as Llama-3 [98] and Mixtral [224] yielded

lower F
1

scores of 21.30 and 14.48. Interestingly, these performance rankings do

not entirely align with general LLM leaderboards (e.g., the LMSYS Chatbot Arena

Leaderboard [186]), suggesting that conversational prowess does not directly

translate to capability in specialised extraction tasks like KPI identification.

However, even the leading F
1

score of 30.75 achieved by Mistral-Large in

a few-shot setting falls short of the performance levels demonstrated by the

more specialised, fine-tuned models discussed previously in this work, i.e., KPI-

BERT and its optimised variants, as shown in Table 6.8 and 6.11. While the

LLM evaluation was conducted using a few-shot paradigm, contrasting with the

full fine-tuning employed for the bespoke models, this significant performance

difference underscores a key finding: for high-precision, domain-specific tasks

such as KPI extraction from financial documents, the current generation of general-

purpose LLMs cannot yet compete with smaller, dedicated models that have been

thoroughly fine-tuned on relevant training data. This highlights the continued

value of tailored architectures and focused training for achieving state-of-the-art

results in complex information extraction scenarios.
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Table 6.12: Evaluation of the few-shot performance of various LLMs on the test set of

KPI-EDGAR. The table is adapted from our paper [323].

Model Size Open-Source Adjusted F1

GPT-3.5-turbo [40] N.A. No 23.89
GPT-4 [41] N.A. No 26.91
Llama-2 [96] 70B Yes 6.31
Llama-2 [96] 13B Yes 14.49
Llama-2 [96] 7B Yes 10.07
Llama-3 [98] 70B Yes 21.30
Mistral-Large [270] N.A. No 30.75
Mixtral [224] 8x7B Yes 14.48
Zephyr-β [369] 7B Yes 11.40

6.5 Conclusion

This chapter has charted a comprehensive investigation into the automated

extraction of KPIs and their associated values from financial documents. We

started with the development of a fine-tuned neural transformer architecture and

ended with the evaluation of cutting-edge LLMs, consistently aiming to enhance

the accuracy, robustness, and practical applicability of information extraction

techniques within the complex financial domain.

Our initial contribution, KPI-BERT, introduced a novel end-to-end system

specifically designed for joint NER and RE in German financial reports. By

integrating a BERT-based encoder with an RNN employing conditional label

masking, KPI-BERT successfully modelled crucial label dependencies and ac-

counted for the sequential nature of entity tagging. This hybrid approach, further

enhanced by a trainable RNN-based pooling mechanism for word representations,

outperformed span-based methods like SpERT [328] and other baselines in both

entity recognition and relation extraction.

Building upon this, we addressed the need for public benchmarks and more

nuanced evaluation by introducing the KPI-EDGAR dataset, a manually annotated

corpus of U.S. American 10-K reports. Alongside this dataset, we proposed an

adjusted F
1

score. This metric, incorporating a word-level weighting scheme,

offers a more granular assessment of model performance by awarding partial

credit, thereby better reflecting the practical success of extraction when faced

with the inherently fuzzy entity boundaries prevalent in financial texts. Our

findings confirmed its superiority over the conventional strict F
1

score for this

domain and especially our dataset, and we recommend its adoption when

evaluating models on KPI-EDGAR.
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Subsequently, we explored hybrid methods to further refine the training of

such specialised models. We investigated the targeted injection of noise into

various components of pre-trained transformer models during fine-tuning. This

study demonstrated that such controlled perturbations can act as an important

regularisation tool, significantly enhancing performance on joint NER and RE tasks

with KPI-EDGAR. Notably, selectively applying noise to specific model parts, such

as biases, weights, or residual connections and layer normalisation parameters,

yielded improvements beyond those achieved by global noise application, like

the one proposed in [358].

Finally, we situated our fine-tuned approaches within the context of the

rapidly evolving LLM landscape. Our evaluation of nine diverse LLMs on the

KPI-EDGAR dataset in a few-shot setting revealed that whilst proprietary models

like Mistral-Large [270] and GPT-4 [41] surpassed their open-source counterparts,

even the best-performing LLM fell substantially short of the accuracy achieved

by our fine-tuned KPI-BERT system, especially when enhanced with controlled

noise. These differences, even considering the few-shot versus full fine-tuning

paradigms, underscore a critical insight: for high-precision, domain-specific

tasks such as KPI extraction, current general-purpose LLMs, when applied with

limited task-specific examples, are not yet a substitute for smaller, dedicated

models meticulously fine-tuned on relevant data. This also highlighted that

strong conversational abilities, as often reflected in general LLM leaderboards,

do not directly translate to specialised information extraction prowess.

Our contributions open several promising avenues for future research. This

includes further developing language models specifically tailored to the financial

domain, either by continued pre-training of existing large architectures on

extensive financial corpora like EDGAR, or by designing novel architectures

with enhanced numerical and tabular reasoning capabilities that move beyond

the limitations of plain text. Investigating cross-attention-based transformers,

potentially coupled with conditional label masking, could also lead to more

sophisticated sequential tagging and relation classification. Furthermore, experi-

mentation with alternative noise distributions for regularisation, and extending

the application of targeted noise injection techniques to the pre-training or fine-

tuning of LLMs, could improve their adaptability and potentially reduce the

need for vast fine-tuning datasets.

Different paradigms for leveraging LLMs also warrant exploration, such as

fine-tuning them specifically for NER as a precursor to relation extraction, or

for direct structured output generation using more sophisticated prompting or
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in-context learning strategies. We have undertaken such an approach in our

paper [183] and in the previous chapter with our iNERD architecture. Linking

such an approach with an RE strategy might yield promising results.

The quality and scope of training data and evaluation metrics are equally

paramount for continued progress. Future efforts might aim to enrich available

datasets by continuing to improve the availability, quality, and quantity of

financial corpora. For instance, creating a comprehensive NER dataset based

on GAAP entities from EDGAR or expanding KPI-EDGAR to include a wider

variety of documents and KPI types would likely be a worthwhile undertaking.

Concurrently, investigating dynamic weighting schemes for the adjusted F
1

score, perhaps by incorporating the semantic importance of individual words

within an entity or relation, could provide an even more nuanced performance

measure. There is also significant potential in evaluating the performance of

these models and regularisation techniques on datasets in other languages or

in low-resource settings, where the benefits of robust regularisation might be

particularly pronounced due to data scarcity and the inherent imbalances in

multilingual model training.

Finally, the principles of controlled noise injection, in particular, merit

investigation across a wider array of NLP tasks beyond joint NER and RE.

In [322], we have already investigated a summarisation task and found the noise

injection regularisation to be beneficial. Extending this research to areas such

as natural language inference or sentiment analysis would help to establish the

generalisability of its benefits across diverse NLP applications.



Since I doubt, I think; since I think, I exist.

— Dennis Taylor in We are Legion (We are Bob) [370]
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Accurate detection of dementia is crucial for timely intervention and care,

and leveraging multimodal data holds significant potential for improving

diagnostic accuracy. In this chapter, we explore deep learning approaches

for dementia classification using the Pitt corpus, which includes brief

descriptions of the “Cookie Theft” picture description task from participants.

We analyse 242 control and 307 dementia audio clips to investigate various

representation learning techniques. Our best-performing approach fuses

audio spectrograms with advanced language models, including Whisper

model transcriptions and transformer-based feature extraction. We rigorously

evaluate these models and find that our multimodal approach, with an F
1
-

score of 86.42%, surpasses single-modality approaches by a considerable

margin. Our findings underscore the promise of multimodal deep learning

in advancing the reliability of dementia detection through audio analysis,

paving the way for more robust and accessible diagnostic tools.
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7.1 Introduction

This chapter is based on our publication “Fusing Speech and Language Models
for Dementia Detection” (co-authored with Abdul Mohsin Siddiqi, Lorenz

Sparrenberg, Tobias Adams, Christian Bauckhage, and Rafet Sifa) published in

the proceedings of the 12th IEEE International Conference on Big Data [371].

This final empirical chapter extends the hybrid paradigm into the multimodal

domain, illustrating its potential beyond text-based information extraction.

Dementia, particularly Alzheimer’s disease (AD), represents a growing global

health challenge, as the number of dementia cases is projected to surge from

57.4 million in 2019 to 152.8 million by 2050, driven largely by the ageing global

population [372]. Dementia is not a single disease but a collection of symptoms

marked by a decline in cognitive abilities relative to an individual’s previous level

of functioning [373]. It includes several distinct types, such as Alzheimer’s disease

(AD), Vascular Dementia (VaD), Lewy Body Dementia (LBD), Frontotemporal

Dementia (FTD), and Mixed Dementia (MD) [374], with AD being the most

prevalent, accounting for 60–70% of all dementia cases [375]. AD is marked by

the build-up of intracellular neurofibrillary tangles and extracellular β-amyloid

plaques, along with widespread synaptic loss and neuronal atrophy in the

brain [376]. These neuropathological changes can begin years before clinical

symptoms manifest [377]. However, a definitive diagnosis of AD can only be

established through microscopic examination of brain tissue, typically during an

autopsy [378, 379]. Consequently, the term Dementia of the Alzheimer’s Type

(DAT) is used for suspected cases of AD that have not been clinically confirmed

[380]. Early and accurate diagnosis of DAT is crucial for improving patient

outcomes, emphasising the need for accessible diagnostic methods capable of

detecting cognitive impairments in the earliest stages. Traditional diagnostic

approaches, based on clinical assessments and neuropsychological testing, are

often time-consuming and subject to variability in interpretation. This has driven

a growing demand for automated, scalable diagnostic solutions that offer greater

consistency, efficiency, and earlier detection [17, 381–384].

While memory loss is often regarded as the primary symptom of DAT [378],

language also provides a valuable source of clinical information. Speech analysis,

in particular, presents a promising non-invasive and cost-effective method for

detecting cognitive decline. Linguistic and paralinguistic features of speech, such

as fluency, articulation, and prosody, are well-established markers of dementia,

offering insights into the early signs of cognitive impairment [385–387]. Recent
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advancements in machine learning and multimodal representation learning,

which combine acoustic and linguistic features, have demonstrated significant

potential for improving the accuracy of dementia detection.

In this paper, we utilise the Pitt dataset [388], which contains speech sam-

ples from both diagnosed dementia patients and a control group, to evaluate

multimodal approaches. For transcription, we employ Whisper [389], while

BERT [32] and Stella [390] are used for language representation. Additionally,

spectrograms are used to extract audio features. Our goal is to improve dementia

classification performance by comparing a variety of machine learning models,

with a particular focus on integrating both audio and text features for a more

comprehensive analysis.

Our multimodal dementia detection system improves upon existing single-

modality systems like [391] or [392] by a considerable margin. We achieve a

Classification Accuracy of 86.59% and F1-score of 86.42% on our hold-out test

set, demonstrating the feasibility of our approach.

In the following sections, we first discuss related studies. Section 7.3 describes

our methodology. Thereafter, we highlight our experiments and results in Section

7.4. We close this chapter with a conclusion and an outlook on future work.

7.2 Related Work

Several studies have explored the use of machine learning to automatically detect

dementia and cognitive decline. Early approaches employed classical machine

learning techniques, such as decision trees or Naive Bayes classifiers [393–395].

Modern dementia detection systems predominantly rely on deep neural

networks and can be broadly categorised into three primary modalities: imaging

data, clinical variables, and voice/language data [374].

Imaging data, particularly magnetic resonance imaging (MRI), has been

extensively studied in dementia detection [396–398]. Image-based methods

often outperform other modalities in terms of accuracy. For instance, one study

reported 97% accuracy in multi-class Alzheimer’s disease (AD) stage classification

using the ADNI dataset and a pre-trained VGG19 model [399]. Despite their

high performance, imaging-based techniques require expensive hardware and

the involvement of skilled professionals for data acquisition and interpretation,

which limits their practical application.
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Clinical variables constitute the second major modality in dementia detection.

These approaches typically involve cognitive assessments such as the Mini-

Mental State Examination (MMSE) [400], as well as the analysis of biomarkers

like amyloid, p-tau, and t-tau, often integrated with demographic factors such as

age and gender [401]. Some studies also incorporate mRNA-based biosignatures

[402] or leverage socio-demographic, basic health, and cognitive reserve proxy

data [403]. While these methods have demonstrated promising results, they

require specialised testing and expert interpretation, limiting their feasibility

for routine, large-scale implementation.

The third modality focuses on voice and language data, which stands out

due to its simplicity, non-invasive nature, and minimal hardware requirements.

Initial efforts to utilise speech and language features for dementia detection were

pioneered by studies such as [404], [405], and [406], which laid the groundwork

for future research in this area. More recent studies have shown that both

linguistic and paralinguistic features of speech can be powerful indicators of

dementia [407–413].

To establish standardised benchmarks for voice/language data, the ADReSS

Challenge was introduced by [414], aiming to standardise Alzheimer’s dementia

detection through spontaneous speech analysis. This challenge provided a

benchmark dataset and tasks for dementia classification and MMSE score

regression, reinforcing the need for more robust models to improve upon

existing techniques. Moreover, [391] demonstrated that purely acoustic features,

particularly paralinguistic ones, could yield competitive accuracy in Alzheimer’s

detection using the Pitt [388] corpus. Their novel Active Data Representation

(ADR) method achieved 78.70% classification accuracy, highlighting the potential

of non-verbal speech cues for dementia diagnosis.

Our work builds on these studies by integrating acoustic and textual features

more effectively. We combine audio spectrograms with the Whisper transcription

model [389] and use advanced language models to capture rich linguistic

representations, aiming to improve dementia classification performance through

a comprehensive multimodal approach.

For a more thorough review of recent advances in neurodegenerative dis-

ease detection using machine learning, we refer readers to the work of [415],

[374], and [381].
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7.3 Methodology

We split this section into three parts: The first describes how we extract features

from the audio signal, the second how we can leverage transcription models and

language models to find a linguistic representation, and the third sheds light on

how we combine these two methods to arrive at our final model architecture.

7.3.1 Audio

To convert a raw audio signal x into a feature representation suitable for dementia

detection, we compute a Mel-spectrogram [416]. Given this raw audio signal in

which i
raw

represents the index of said audio sample and with n
samples

total

number of samples,

xiraw
, i

raw
= 0, 1, 2, ..., n

samples
− 1, (7.1)

we first divide the audio sample into overlapping frames Xw
. Each such frame

xw
i
frame

is windowed using a Hann window [8], defined as:

xw
i
frame

,i
window

= xi
frame

·λ
hop

+i
window

· W(i
window

), (7.2)

where i
frame

is the frame counter, i
window

is the index of the time sample within

the current windowed frame xw
i
frame

, ranging from 0 to ℓ− 1, λ
hop

is the distance

between frames, and W(·) is the Hann window function:

W(i
window

) = 0.5

(
1− cos

(
2πi

window

ℓ− 1

))
(7.3)

and ℓ is the window length.

For each windowed frame, we compute the Short-Time Fourier Transform

(STFT) [417] to obtain the frequency domain representation:

xs
i
freq

,i
frame

=
ℓ−1∑

i
window

=0

xw
i
frame

,i
window

· e−i2π
i
freq

i
window

ℓ , i
freq

= 0, 1, . . . , n
freq
− 1 (7.4)

where i
freq

corresponds to the current frequency bin, n
freq

=
⌊
ℓ
2

⌋
+ 1 represents

the number of frequency bins, and xs
i
freq

,i
frame

∈ ℂ. The magnitude spectrogram is

obtained by taking the absolute value of the Fourier coefficients xs
i
freq

,i
frame

:

xm
i
freq

,i
frame

= |xs
i
freq

,i
frame

| (7.5)
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where xm
i
freq

,i
frame

represents the magnitude of the frequency component at bin i
freq

for the current windowed frame and xm
i
freq

,i
frame

∈ ℝ≥0.

Next, we apply a set of n
filter

triangular filters to the magnitude spectrogram.

These filters are spaced according to the Mel scale [418], which warps the

linear frequency axis (measured in Hertz) to better align with human auditory

perception. This transformation allows us to create a feature representation that

is more perceptually meaningful and closer to how human perceive audio signals.

The formula to convert a linear frequency f lin
to the Mel scale is defined as [419]:

FM(f lin) = 2595 · log10
(
1 +

f lin

700

)
. (7.6)

This serves as a blueprint for constructing the set of n
filter

triangular filters.

The goal is to define the filters’ centre-points, denoted by the frequency bin

indices bc[j], such that they are equally spaced in the Mel domain rather than

the linear frequency domain.

The desired linear frequency range, from f lin

min
to f lin

max
, is converted to the

Mel scale using the definition from above:

fmel

min
= FM(f lin

min
) (7.7)

fmel

max
= FM(f lin

max
) (7.8)

A set of n
filter

+ 2 points, denoted by the vector fmel
, is then created with

linear spacing between these two Mel boundaries.

fmel =

[
fmel

i
filter

| fmel

i
filter

= fmel

min
+ i

filter
· f

mel

max
− fmel

min

n
filter

+ 1

]
, i

filter
= 0, 1, . . . , n

filter
+ 1 (7.9)

Each point in this Mel-space vector fmel
is subsequently converted back to the

linear frequency scale (Hertz) using the inverse Mel transformation:

F−1
M (fmel) = 700 ·

(
10f

mel/2595 − 1
)

(7.10)

This yields a vector of frequencies f lin
where f lin

i
filter

= F−1
M (fmel

i
filter

), which are now

spaced according to the Mel scale. In the final step, each of these frequencies

f lin

j are transformed into the discrete frequency bin indices bc[j] required for

the spectrogram. This conversion depends on the sampling rate fs and the

window length ℓ:

bc[j] =

⌊
ℓ

fs
f lin

j

⌋
(7.11)
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This procedure results in filter centre-points that are close together at low

frequencies and more spread out at high frequencies, mimicking human auditory

perception. With the set of bin indices bc[j] now fully defined, the triangular filters

can be applied to the magnitude spectrogram. Each filter sums the magnitude

in its corresponding frequency band:

xf
j,i

frame

=

n
freq

−1∑
i
freq

=0

xm
i
freq

,i
frame

· F tri

j [i
freq

] (7.12)

where F tri

j [i
freq

] is the j-th triangular Mel filter defined as:

F tri
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> bc[j + 1]

, (7.13)

in which we define bc[−1] and bc[nfilter
] as boundary bins outside the valid filter

range, set to 0 and n
freq
− 1 respectively.

This process is repeated for all j = 0, ..., n
filter
− 1 filters, producing a vector of

n
filter

values for each time frame. The final Mel-spectrogram is a matrix formed by

stacking the resulting vector from each time frame. It is a representation where

each row corresponds to a Mel frequency band and each column corresponds

to a time frame.

To compress the dynamic range of the values, we apply logarithmic scaling:

x
log

j,i
frame

= log10(x
f
j,i

frame

+ ϵ) (7.14)

where xf
j,i

frame

is the value of the Mel-spectrogram for the j-th filter at time

frame i
frame

, and ϵ is a small constant to avoid taking the logarithm of zero. This

log-Mel-spectrogram is then used as an input feature for our classification models.

7.3.2 Text

Similar to the previous section, we start with a raw audio signal. To compute a

linguistic representation, we first transcribe the audio to text using a transcription

model, namely Whisper [389]. This results in a string representation s, which

is tokenised into sub-word units w, totalling ns tokens. We then generate an

embedding matrix R
text

for the sentence s by passing the tokenised sequence,
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represented as a vector of size ns (with input IDs), through an “encoder-only”

transformer model [6] E(·), which has an embedding size of de.

R
text

= E(s), (7.15)

where R
text

is the resulting matrix of size ns × de, with ns corresponding to the

number of tokens and de to the embedding size of the text encoder E . This

matrix is then the input to a pooling function P(·), such as max pooling, mean
pooling, or CLS pooling, which aggregates the matrix along the first dimension.

The resulting vector of dimension de is the second component of the feature

vector used for our classification model.

7.3.3 Complete Model Architecture

We combine the models described in the previous sections by concatenating

both representations and adding a classification head on top of these. We test a

random forest and a multilayer perceptron as classifiers. The model architecture

and training approach are shown in Figure 7.1.

7.4 Experiments

In this section, we outline the experiments conducted, the datasets utilised, and

the results obtained. The model architecture employed is described in detail in

the previous section. For hyperparameter optimisation, we use Optuna [420],

and for the classification task, we apply cross-entropy loss. All experiments were

executed on a shared computing cluster equipped with four Nvidia A40 GPUs

(48 GB VRAM each), two Intel Xeon 4309Y CPUs, and 400 GB of RAM.

7.4.1 Data

The dataset used in this study is sourced from the Pitt corpus [388], a widely

recognised resource from the University of Pittsburgh’s Alzheimer’s Research

Program. It consists of audio recordings of spontaneous speech from participants

categorised into two groups: Dementia and Control (healthy). The participants in

the study were 44 years or older, had at least seven years of formal education, no

history of nervous system disorders, and were not taking neuroleptic medications

that could affect cognition. Additionally, all participants had an initial Mini-

Mental State Examination (MMSE) score of 10 or higher [400], ensuring that they

could provide reliable and meaningful speech data.
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The scene is in the kitchen.
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and the water is running on

the floor. A boy is trying to get
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(a) Creating a feature vector from an audio sample.

Trained Model

Model Training 
MLP or

Random Forest
Update Best

Trial

Best
Classification

Model

Training
and

Validation
Results

Hyperparameter
Tuner

Features Target
X_train y_train

X_val y_val

X_test y_test

Dataset
Split

Feature
Vector

(70-15-15)
Use for

Training 

Hyperparameter Optimisation
Split

Dataset

Test
Evaluation

Results

(b) Using the created feature vector to train a model, optimise hyperparameters, and determine

the best classification model.

Figure 7.1: Feature vector creation and model training and optimisation. We use Optuna

[420] as the framework for hyperparameter optimisation. The figure is adapted from our

paper [371].
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The dataset includes 99 control participants and 194 dementia patients,

each contributing varying numbers of speech recordings across multiple visits.

Control participants provided a total of 242 recordings, while dementia patients

contributed 307. The demographic distribution of the dataset reflects a balanced

representation of males and females, with most participants falling within the

65–70 and 70–75 age ranges. Both groups participated in a variety of tasks,

including the Cookie Theft picture description [388], fluency exercises, story

recall, and sentence construction. These tasks varied in duration, ranging from

brief 1–2 minute activities to extended story recall sessions lasting up to an

hour. The diversity of verbal tasks in this dataset enables a comprehensive

analysis of cognitive and linguistic functions in both healthy individuals and

those with dementia.

7.4.2 Results

To evaluate the various configurations and combinations outlined in Section 7.3

and depicted in Figure 7.1, we conducted a total of 42 experiments. The

corresponding results are presented in Table 7.1 and Table 7.2. We began

by testing a configuration that utilises only the representation generated by the

spectrogram, as described in Equations (7.1) to (7.14). Next, we evaluated five

different Whisper models ranging from tiny to large [389] across two transformer

architectures, Stella [390] and BERT Base [32], yielding 10 configurations in

total. For this, the transcriptions generated by the Whisper models are passed

through the corresponding transformer model (see Equation (7.15)) to generate

the representations for classification. Finally, we combined the spectrogram-based

and language model-based approaches into a multimodal system that integrates

both audio and text features. This full model, as illustrated in Figure 7.1, combines

the spectrogram with a transcribed text input processed by a language model.

We repeated the entire process using two different classifiers: a random

forest (Table 7.1) and a multilayer perceptron (Table 7.2), allowing us to compare

performance across these classifier architectures.

As shown in Tables 7.1 and 7.2, our system’s performance improves signif-

icantly when multimodality is introduced by combining the Mel-spectrogram

with a language model using transcribed text. The best-performing configu-

ration, which integrates Stella, Whisper, and the Mel-spectrogram, achieves

an impressive F1-score of 86.42% and an accuracy of 86.59%, substantially

outperforming single-modality approaches such as [391], which reported a
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Table 7.1: Results in % with a random forest as classifier. The table is adapted from our

paper [371].

Configuration Accuracy Precision Recall F1-Score AUROC

Mel-Spectrogram 54.88 55.54 57.77 56.63 46.43

BERTBase + ...
WhisperTiny 68.29 68.81 72.70 70.70 76.67
WhisperBase 78.05 78.39 80.58 79.47 77.86
WhisperSmall 69.51 70.06 74.83 72.37 76.67
WhisperMedium 75.61 75.95 77.95 76.75 80.66
WhisperLarge 74.39 74.76 77.07 75.74 79.82

Stella + ...
WhisperTiny 76.83 77.14 78.84 77.48 85.00
WhisperBase 78.05 78.33 79.75 79.04 89.29
WhisperSmall 75.61 75.95 77.95 76.75 86.55
WhisperMedium 76.83 77.14 78.84 77.48 85.95
WhisperLarge 76.83 77.14 78.84 77.48 87.14

Mel-Spectrogram + BERTBase + ...
WhisperTiny 69.51 72.56 69.94 71.23 72.92
WhisperBase 78.05 80.58 78.39 79.47 78.45
WhisperSmall 70.73 75.65 71.25 73.38 77.98
WhisperMedium 71.95 74.40 72.32 73.34 78.63
WhisperLarge 73.17 76.19 73.57 74.86 78.45

Mel-Spectrogram + Stella + ...
WhisperTiny 76.83 79.73 77.20 78.45 84.82
WhisperBase 73.17 76.19 73.57 74.86 89.29
WhisperSmall 75.61 77.19 75.89 76.53 86.31
WhisperMedium 73.17 74.08 73.39 73.73 87.32
WhisperLarge 79.27 80.67 79.52 80.09 88.93

classification accuracy of 78.70%. Additionally, as expected, configurations using

a Multilayer Perceptron proved to be considerably more powerful than those

utilising a Random Forest classifier.

7.5 Conclusion

This study introduced a multimodal deep learning approach for dementia

detection using the Pitt [388] dataset, which is a collection of audio samples from

dementia patients and a control group. By combining audio spectrograms with

language models, specifically Whisper [389] for transcription and transformer-

based models like BERT [32] and Stella [390] for linguistic feature extraction, we

developed a comprehensive framework that captures both acoustic and linguistic

markers indicative of dementia.

Our experiments demonstrated that the multimodal approach significantly
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Table 7.2: Results in % with a multilayer perceptron as classifier. The table is adapted

from our paper [371].

Configuration Accuracy Precision Recall F1-Score AUROC

Mel-Spectrogram 60.98 60.30 65.02 62.57 64.35

BERTBase + ...
WhisperTiny 67.07 67.38 68.47 67.92 74.35
WhisperBase 76.83 77.08 78.14 77.61 76.67
WhisperSmall 73.17 73.45 74.63 74.04 77.68
WhisperMedium 76.83 76.73 76.97 76.85 82.98
WhisperLarge 78.05 78.16 78.29 78.22 80.00

Stella + ...
WhisperTiny 81.71 81.91 82.58 82.24 86.37
WhisperBase 81.71 81.73 81.71 81.72 89.94
WhisperSmall 80.49 80.66 81.10 80.88 86.85
WhisperMedium 81.71 81.85 82.13 81.99 88.93
WhisperLarge 82.93 82.98 82.98 82.98 89.23

Mel-Spectrogram + BERTBase + ...
WhisperTiny 73.17 73.21 73.21 73.21 79.64
WhisperBase 81.71 81.71 81.73 81.72 79.94
WhisperSmall 79.27 83.60 79.70 81.61 84.76
WhisperMedium 81.71 81.71 81.73 81.72 83.60
WhisperLarge 82.93 82.98 82.98 82.98 83.81

Mel-Spectrogram + Stella + ...
WhisperTiny 81.71 82.13 81.85 81.99 85.83
WhisperBase 86.59 87.79 86.37 86.42 87.98
WhisperSmall 82.93 82.98 82.98 82.98 88.33
WhisperMedium 84.15 84.60 84.29 84.13 89.82
WhisperLarge 85.37 85.42 85.42 85.37 89.35

outperforms single-modality methods. The integration of Whisper transcriptions

with a Stella model consistently yielded higher Classification Accuracy and F1-

scores compared to models utilising only audio spectrograms or text features. The

best-performing configuration achieved a classification accuracy of 86.59% and

an F1-score of 86.42% on the hold-out test set, marking a substantial improvement

over previous studies that relied solely on acoustic or linguistic features.

These results highlight the importance of capturing the multifaceted nature

of dementia, which affects both speech patterns and the use of language. By

effectively combining acoustic and linguistic features, our approach provides

a more complete understanding of the patient’s condition, which is crucial for

early detection and intervention.

Future work could incorporate another crucial modality into our multimodal

system: neuroimaging. A plethora of studies have found it effective in predicting

dementia [421–423], which leads us to believe that adding neuroimaging data
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to our classification system would improve its predictive power even further.

Additionally, evaluating the system’s performance in real-world clinical settings

will be essential to determine its practical applicability and scalability.

Furthermore, we plan to test various additional configurations, such as adding

a Tempogram [424] to include rhythmic analysis or augmenting the audio data,

e.g., by time stretching, pitch shifting, and adding background noise, to improve

the stability of our models and the size of the dataset. In a similar vein, we plan

to utilise and test our system on other corpora available at the DementiaBank

[425], possibly in other languages, such as the Spanish or Mandarin corpora

introduced in [426] and [427], respectively.

In conclusion, this research demonstrates the efficacy of multimodal deep

learning techniques in enhancing the reliability of dementia detection through

audio and linguistic analysis. The proposed approach holds promise for

developing more robust and accessible diagnostic tools, contributing to earlier

interventions and improved patient outcomes.



I am glad you are here with me. Here at the end of all
things, Sam.

— J.R.R. Tolkien in The Return of the King [3]

8
Conclusion

This thesis, titled Hybrid Representation Learning for Information Extraction, has

investigated how hybrid approaches, combining data-driven neural architectures

with structural, rule-based, and multimodal components, can enhance the

robustness, performance, and efficiency of machine learning systems for diverse

information extraction tasks like named entity recognition or relation extraction.

This final chapter summarises the key findings from the preceding chapters,

provides an overall reflection on the contributions of this work, and outlines

potential avenues for future research.

8.1 Summary of Findings

To start with, we provided a comprehensive overview of representation learning

in Chapter 2. This theoretical foundation introduced the core architectures of

neural networks, from multilayer perceptrons and recurrent neural networks to

transformer models, and traced the evolution of textual representations from

sparse encodings such as Bag-of-Words and TF–IDF to dense, contextualised

embeddings derived from transformer-based models.

Chapter 3 addressed the task of contradiction detection in financial reports, a

challenge of particular importance in auditing and financial consistency checking,

because if these are left uncorrected, they can lead to “bad operational decisions,

reputational damage, economic loss, penalties, fines, legal action and even

bankruptcy” [131]. Two hybrid methodologies were proposed: one that integrated
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linguistic knowledge via part-of-speech-informed pre-training into a transformer-

based classifier, and another that combined large language models (LLMs) with

embedding-based clustering for document-level inconsistency detection. The

results reflect a broader shift in information extraction: before the emergence

of LLMs, integrating structured linguistic features and task-specific fine-tuning

offered the best performance gains, whereas today, hybrid systems built around

LLMs achieve superior flexibility and accuracy.

Chapter 4 incorporated a hybrid approach into named entity recognition,

reformulating it as a constrained generative task. Our proposed Informed
Named Entity Recognition Decoding (iNERD) framework fused the expressive

generative capacity of decoder-only LLMs with rule-based decoding constraints

to ensure syntactic and factual correctness. Experiments on legal-domain data

confirmed that such symbolic-informed constraints markedly improve reliability

and domain transferability, highlighting the limitations of purely unconstrained

LLM prompting.

Chapter 5 turned to the practical and ethical problem of text anonymisation,

a further downstream task of named entity recognition. To mitigate privacy

risks associated with cloud-based LLMs, this chapter presented a lightweight

anonymisation framework built on knowledge distillation. A large “teacher”

model transferred its representational understanding to a compact “student”

transformer, which was then integrated with rule-based post-processing. The

resulting hybrid system achieved superior recall and overall F
1

scores compared to

established baselines, while remaining efficient enough for on-device deployment,

thereby aligning performance with data protection requirements like the European

General Data Protection Regulation (GDPR).

Building on insights of the named entity recognition chapter, Chapter 6

explored a plethora of relation extraction methods, focusing on the automatic

identification of key performance indicators (KPIs) in financial documents. The

proposed KPI-BERT model combined BERT-based contextual encoding with

recurrent components for joint NER and RE, while a new open-source dataset,

KPI-EDGAR, was also introduced to make this task accessible to the whole research

community. Regularisation via controlled noise injection improved generalisation,

and a novel adjusted F1 metric better captured the inherent ambiguity of financial

text boundaries. We also studied the performance of general-purpose LLMs on this

task and found them to be inferior to specialised methods like KPI-BERT. Together,

these contributions demonstrated how hybrid and regularised architectures can

outperform monolithic neural systems in complex, domain-specific tasks.
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Finally, Chapter 7 applied hybrid representation learning to healthcare by

investigating multimodal dementia detection. The proposed model fused acoustic

representations derived from speech spectrograms with textual representations

via models like BERT [32] or Stella [390] obtained from automatic transcriptions.

This multimodal fusion outperformed single-modality approaches and estab-

lished a new state-of-the-art, illustrating that the integration of heterogeneous

data sources can yield richer, more discriminative representations for early

diagnostic applications.

8.2 General Conclusions

Across all studies presented in this thesis, hybrid representation learning has

emerged as a powerful and promising paradigm for information extraction. By

uniting data-driven machine learning with structural, symbolic, and multimodal

approaches, the proposed methods consistently achieved greater robustness,

performance, and practical applicability across multiple domains, including

finance, law, privacy, and healthcare. Each empirical contribution demonstrated

that the combination of learned representations with additional sources of

structure, whether linguistic, logical, or modal, enables models to generalise more

effectively and to operate under the complex constraints of real-world data.

A central conclusion of this thesis is that progress in information extraction

does not solely depend on ever more scaling model size or data volume, but rather

on the intelligent integration of complementary forms of knowledge. While large

language models have significantly advanced language understanding [48], they

also expose limitations in factual consistency, computational efficiency, and ex-

plainability [428]. Hybrid systems, by contrast, mitigate these weaknesses through

targeted incorporation of expert knowledge, structured guidance, and additional

modalities. In the context of this work, such hybrid approaches were shown

to improve both the stability of smaller models and the controllability of larger

generative ones, offering a balanced path between performance and reliability.

In this sense, the hybridisation of representation learning bridges the gap

between theoretical advances in deep neural architectures and their operational

deployment in practice. It provides a promising pathway to balance flexibility

with structure, automation with human knowledge, and empirical strength with

smaller resource constraints. The results presented throughout this thesis thus

support the view that the future of reliable and efficient information extraction

likely lies not in ever larger transformer models, but in the fusion of diverse



8. Conclusion 141

representations and knowledge, each contributing towards an advancement of

artificial intelligence as a whole.

8.3 Outlook and Future Work

Several promising research directions arise from this thesis. Each builds upon

the hybrid methodologies introduced in this thesis and extends them into new

conceptual or application domains.

Unified hybrid frameworks and multimodal extensions

Future research could investigate the integration of multiple hybridisation strate-

gies within a single cohesive framework. While this thesis explored combinations

of symbolic constraints, multimodal fusion, and knowledge distillation in isolation,

their unification could yield even more powerful architectures. For instance, a

model might incorporate symbolic constraints as well as multimodal reasoning

during training and inference, and distillation to ensure efficiency and privacy.

Such unified systems might be capable of balancing interpretability, performance,

and resource efficiency, leading to privacy-preserving but still high-performing

information extraction pipelines suitable for deployment in sensitive domains

such as healthcare, law, and finance.

The results in Chapter 7 demonstrated that combining acoustic and linguistic

features improved dementia detection performance. A natural extension of this

work is to include additional modalities, such as neuroimaging data, physiological

signals, or different forms of structured or unstructured text, e.g., the patient’s

history. Integrating these complementary sources could enable more complete and

improved clinical assessments in medical machine learning. Beyond healthcare,

similar multimodal fusion principles could benefit applications in robotics, law

enforcement, and environmental monitoring, where contextual information

from multiple sensors must be synthesised into coherent and task-specific

representations.

As digital documents usually combine text, images, tables, and logos, the

anonymisation of multimodal content becomes an open challenge within these

unified frameworks. Future research could explore how large multimodal models

might detect and redact sensitive visual elements, such as faces, signatures, or

corporate logos, alongside textual information. A further step would be to distil

such multimodal anonymisation capabilities into smaller, locally deployable

models, ensuring that privacy preservation remains computationally feasible
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without reliance on cloud-based services. This research direction also invites

exploration into the joint detection of linked entities across modalities, for

example, ensuring that a company name redacted in text is also removed

from an accompanying chart or image. Such comprehensive multimodal

approaches would exemplify the unified hybrid frameworks envisioned at the

outset, combining symbolic constraints, multimodal reasoning, and distillation

into integrated systems that address both performance and privacy requirements.

Dynamic constraint learning

Building upon the iNERD framework introduced in Chapter 4, an important

next step is to move from static rule-based constraints to dynamically learned

or adaptive constraints. These could be derived automatically from data with

an additional “constraint-learner” model, allowing the system to infer structural

rules during training rather than relying solely on human-crafted patterns.

Moreover, this concept might extend beyond text: in multimodal or visual tasks,

dynamic constraints could guide attention mechanisms or enforce consistency

across modalities, for instance, ensuring alignment between image regions and

textual descriptions. Exploring such adaptive constraint mechanisms would

deepen the understanding of how modern neural systems can internalise and

operationalise structure across domains.

Cultural and contextual dimensions in pseudoanonymisation

Another important avenue concerns the inclusion of culture, gender, and other

latent sociolinguistic attributes in pseudoanonymisation systems. Future tools

might replace named entities not only with neutral placeholders but with culturally

and contextually appropriate analogues, for example, substituting a female

Elvish name such as Galadriel with another female Elvish name like Arwen,

or a male Hobbit name like Bilbo with Frodo. Such contextual consistency

could preserve narrative structure and semantics in natural language while

maintaining anonymity. However, this direction also raises ethical questions

about whether such enrichment is desirable or risks incorporating unintended

bias. Addressing and exploring these trade-offs will be crucial for the design

of socially responsible anonymisation systems.
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Hybrid information extraction for retrieval-augmented generation

Retrieval-augmented generation (RAG) systems have become a cornerstone

of knowledge-intensive NLP [429, 430]. We see a promising line of research

involving enhancing these systems with hybrid information extraction techniques.

By extracting structured metadata and performing entity clustering with iNERD,

finding contradictory statements prior to retrieval, or anonymising data before

sending it to remotely hosted LLMs, hybrid models could provide RAG pipelines

with more precise, trustworthy, and context-aware retrieval contexts. Such

pre-processing may reduce hallucinations, improve factual accuracy, and make

retrieval and generation more interpretable and data protection compliant. We

theorise that integrating hybrid representations into the retrieval loop therefore

represents a promising direction for improving the reliability and explainability

of generative systems.

8.4 Closing Words

In summary, this thesis has shown that the future of reliable and responsible

information extraction likely lies not in any single methodological paradigm but

in the deliberate fusion of multiple forms of intelligence: statistical, symbolic,

and human. Hybrid representation learning provides a pathway towards this

synthesis of intelligence, enabling systems that are not only more capable but also

more trustworthy and aligned with ethical, social, and practical considerations.
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A
Individual Contributions

In this part of the Appendix, we will be detailing the individual contributions

of each author of each paper on which this thesis is based upon. The papers

are ordered chronologically by their order of appearance and, if published in

the same venue, alphabetically.

KPI-BERT: A Joint Named Entity Recognition and Relation Extraction Model
for Financial Reports

For the paper “KPI-BERT: A Joint Named Entity Recognition and Relation

Extraction Model for Financial Reports” [11], authored by Lars Hillebrand, Tobias

Deußer, Tim Dilmaghani, Bernd Kliem, Rüdiger Loitz, Christian Bauckhage, and

Rafet Sifa, published in the Proceedings of the 26th International Conference on Pattern
Recognition in 2022, Tobias Deußer, together with Lars Hillebrand, was responsible

for the development and implementation of the KPI-BERT model. The evaluation

of experiments and the writing of the paper was also a collaborative effort

undertaken by Lars Hillebrand and Tobias Deußer. Tim Dilmaghani, Bernd Kliem,

Rüdiger Loitz, Christian Bauckhage, and Rafet Sifa provided guidance during the

research process, read the manuscript, and gave constructive feedback on it.

KPI-EDGAR: A Novel Dataset and Accompanying Metric for Relation Extraction
from Financial Documents

For the paper “KPI-EDGAR: A Novel Dataset and Accompanying Metric for

Relation Extraction from Financial Documents” [12], authored by Tobias Deußer,

Syed Musharraf Ali, Lars Hillebrand, Desiana Nurchalifah, Basil Jacob, Christian
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Bauckhage, and Rafet Sifa, published in the Proceedings of the 21st IEEE International
Conference on Machine Learning and Applications in 2022, Tobias Deußer, was

responsible for the concept of the adjusted F
1

metric and led the development of

the model architecture. He implemented the majority of the codebase and oversaw

the evaluation of experiments as well as the annotation of the dataset. He also

wrote most of the paper. Syed Musharraf Ali and Desiana Nurchalifah supported

the development of the codebase and the annotation of the dataset. Tobias Deußer,

Syed Musharraf Ali, Desiana Nurchalifah, and Basil Jacob annotated the dataset.

Lars Hillebrand, Christian Bauckhage, and Rafet Sifa provided guidance during

the research process, read the manuscript, and gave constructive feedback on it.

Contradiction Detection in Financial Reports

For the paper “Contradiction Detection in Financial Reports” [128], authored by

Tobias Deußer, Maren Pielka, Lisa Pucknat, Basil Jacob, Tim Dilmaghani, Mahdis

Nourimand, Bernd Kliem, Rüdiger Loitz, Christian Bauckhage, and Rafet Sifa,

published in the Proceedings of the 4th Northern Lights Deep Learning Conference in

2023, Tobias Deußer, in collaboration with Maren Pielka, was responsible for the

research of how one can detect contradiction in financial reports with transformer

models. The evaluation of experiments and the writing of the paper was also

a joint effort undertaken by Tobias Deußer and Maren Pielka. The pre-training

and fine-tuning pipeline was originally developed by Lisa Pucknat for a different

project and was reused in this work. The data collection and annotation was

done by Basil Jacob, Tim Dilmaghani, and Mahdis Nourimand and overseen

by Tobias Deußer and Maren Pielka. Bernd Kliem, Rüdiger Loitz, Christian

Bauckhage, and Rafet Sifa provided guidance during the research process, read

the manuscript, and gave constructive feedback on it.

Controlled Randomness Improves the Performance of Transformer Models

For the paper “Controlled Randomness Improves the Performance of Transformer

Models” [322], authored by Tobias Deußer, Cong Zhao, Wolfgang Krämer, David

Leonhard, Christian Bauckhage, and Rafet Sifa, published in the Proceedings
of the 22nd IEEE International Conference on Machine Learning and Applications in

2023, Tobias Deußer was responsible for the main methodology of the work.

The implementation and evaluation of the experiments was done by Cong Zhao.

Tobias Deußer wrote the manuscript with a few additions from David Leonhard.
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Wolfgang Krämer, Christian Bauckhage, and Rafet Sifa provided guidance during

the research process, read the manuscript, and gave constructive feedback on it.

Uncovering Inconsistencies and Contradictions in Financial Reports using
Large Language Models

For the paper “Uncovering Inconsistencies and Contradictions in Financial Reports

using Large Language Models” [129], authored by Tobias Deußer, David Leonhard,

Lars Hillebrand, Armin Berger, Mohamed Khaled, Sarah Heiden, Tim Dilmaghani,

Bernd Kliem, Rüdiger Loitz, Christian Bauckhage, and Rafet Sifa, published

in the Proceedings of the 11th IEEE International Conference on Big Data in 2023,

Tobias Deußer’s main responsibilities were the development and research of the

contradiction detection and clustering algorithm. The implementation of the

codebase and evaluation of experiments was a joint effort undertaken by Tobias

Deußer and David Leonhard. Tobias Deußer mainly wrote the manuscript, with

contributions from David Leonhard. The data annotation process was done by

Mohamed Khaled, Sarah Heiden, and Tim Dilmaghani and overseen by Tobias

Deußer. Tim Dilmaghani, Bernd Kliem, Rüdiger Loitz, Christian Bauckhage, and

Rafet Sifa provided guidance during the research process, read the manuscript,

and gave constructive feedback on it.

A Comparative Study of Large Language Models for Named Entity Recognition
in the Legal Domain

For the paper “A Comparative Study of Large Language Models for Named

Entity Recognition in the Legal Domain” [14], authored by Tobias Deußer, Cong

Zhao, Lorenz Sparrenberg, Daniel Uedelhoven, Armin Berger, Maren Pielka, Lars

Hillebrand, Christian Bauckhage, and Rafet Sifa, published in the Proceedings
of the 12th IEEE International Conference on Big Data in 2024, Tobias Deußer was

responsible for the ideation of the named entity recognition process and the

prompt design. Cong Zhao implemented the inference pipeline and ran the

experiments. The manuscript was written by Tobias Deußer with contributions

from Lorenz Sparrenberg. Daniel Uedelhoven took care of the large language

model hosting process. Armin Berger, Maren Pielka, Lars Hillebrand, Christian

Bauckhage, and Rafet Sifa provided guidance during the research process, read

the manuscript, and gave constructive feedback on it.
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Fusing speech and language models for dementia detection

For the paper “Fusing speech and language models for dementia detection” [371],

authored by Tobias Deußer, Abdul Mohsin Siddiqi, Lorenz Sparrenberg, Tobias

Adams, Christian Bauckhage, and Rafet Sifa, published in the Proceedings of
the 12th IEEE International Conference on Big Data in 2024, Tobias Deußer’s main

responsibility was the primary research guidance of Abdul Mohsin Siddiqi, who’s

Master Thesis the paper is based upon. Abdul Mohsin Siddiqi implemented the

codebase and ran the experiments. Together with Lorenz Sparrenberg, Tobias

Deußer advised on where the research project should head, which direction to

avoid, and which machine learning models and architectures should be chosen.

Tobias Deußer, with support from Lorenz Sparrenberg and Tobias Adams, wrote

the manuscript. Christian Bauckhage and Rafet Sifa provided guidance during

the research process, read the manuscript, and gave constructive feedback on it.

Informed Named Entity Recognition Decoding for Generative Language Models

For the paper “Informed Named Entity Recognition Decoding for Generative

Language Models” [183], authored by Tobias Deußer, Lars Hillebrand, Christian

Bauckhage, and Rafet Sifa, published in the Proceedings of the 12th IEEE International
Conference on Big Data in 2024, Tobias Deußer came up with the iNERD architecture,

the training and inference pipeline, and implemented the codebase. He also

wrote the manuscript. Lars Hillebrand, Christian Bauckhage, and Rafet Sifa

provided guidance during the research process, read the manuscript, and gave

constructive feedback on it.

Leveraging Large Language Models for Few-Shot KPI Extraction from Financial
Reports

For the paper “Leveraging Large Language Models for Few-Shot KPI Extraction

from Financial Reports” [323], authored by Tobias Deußer, Cong Zhao, Daniel

Uedelhoven, Lorenz Sparrenberg, Lars Hillebrand, Christian Bauckhage, and

Rafet Sifa, published in the Proceedings of the 12th IEEE International Conference on
Big Data in 2024, Tobias Deußer was responsible for the ideation of the relation

extraction process and the prompt design. Cong Zhao implemented the inference

pipeline and ran the experiments. The manuscript was written by Tobias Deußer,

with contributions from Lorenz Sparrenberg. Daniel Uedelhoven took care of the

large language model hosting process. Lars Hillebrand, Christian Bauckhage, and
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Rafet Sifa provided guidance during the research process, read the manuscript,

and gave constructive feedback on it.

Resource-Efficient Anonymization of Textual Data via Knowledge Distillation
from Large Language Models

For the paper “Resource-Efficient Anonymization of Textual Data via Knowledge

Distillation from Large Language Models” [279], authored by Tobias Deußer,

Max Hahnbück, Tobias Uelwer, Cong Zhao, Christian Bauckhage, and Rafet Sifa,

published in the Proceedings of the 31st International Conference on Computational
Linguistics in 2025, Tobias Deußer was the team lead of the “Anonymiser” team and

was responsible for the ideation of the anonymisation and knowledge distillation

process. He was also the lead developer integrating the codebase, with support

from Max Hahnbück, Tobias Uelwer, and Cong Zhao. The manuscript was

written by Tobias Deußer, with contributions from Max Hahnbück and Tobias

Uelwer. Christian Bauckhage and Rafet Sifa provided guidance during the

research process, read the manuscript, and gave constructive feedback on it.

A Survey on Current Trends and Recent Advances in Text Anonymization

For the paper “A Survey on Current Trends and Recent Advances in Text

Anonymization” [280], authored by Tobias Deußer, Lorenz Sparrenberg, Armin

Berger, Max Hahnbück, Christian Bauckhage, and Rafet Sifa, published in the

Proceedings of the 12th IEEE International Conference on Data Science and Advanced
Analytics in 2025, Tobias Deußer researched potential candidates for the inclusion

in the survey paper. He wrote the manuscript, with contributions from Lorenz

Sparrenberg, Armin Berger, and Max Hahnbück. Christian Bauckhage and

Rafet Sifa provided guidance during the research process, read the manuscript,

and gave constructive feedback on it.
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B.1 KPI Extraction Prompt

Formatted KPI Extraction Prompt

Extract Key Performance Indicators and their corresponding

numerical value from the following sentence in JSON format.

The format is: {"relation_id": {"named_entity_class":
"named_entity_value", "named_entity_class": "named_-
entity_value"}, ...}. Here relation_id can be multiple, such

as 0, 1, 2, 3, 4, 5, etc. Ensure that there are exactly two key-value

pairs in {"named_entity_class": "named_entity_value",
"named_entity_class": "named_entity_value"} The value of

a key-value pair can be primarily numbers, and if that’s not possible, then

strings.

Examples are:

1. Example

“Includes $ 6.7 billion of revenue recognized in 2021 that was included

in deferred revenue as of September 26, 2020, $ 5.0 billion of revenue

recognized in 2020 that was included in deferred revenue as of September

28, 2019, and $ 5.9 billion of revenue recognized in 2019 that was included in

deferred revenue as of September 29, 2018.” from which you should extract:

{"0": {"KPI": "revenue", "value current year": 6.7}, "1": {"KPI": "revenue",

"value two years ago": 5.9}, "2": {"KPI": "revenue", "value previous year":

5.0}}.

... (additional examples continue in the same format) ...
Named entity classes are only allowed from the following range: “KPI”,

“value current year”, “value previous year”, “value two years ago”, “current
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year value increase”, “previous year value increase”, “current year value

decrease”, “previous year value decrease”, “thereof”, “attribute”, “KPI-

Coreference”.

Here are the descriptions for the named entity classes:

• “KPI”: Key Performance Indicators expressible in numerical and

monetary value, e.g. revenue or net sales

• “value current year”: Current Year monetary value of a KPI

• “value previous year”: Prior Year monetary value of a KPI

• “value two years ago”: 2 Year Past Value of a KPI

• “current year value increase”: Increase of a KPI from the previous

year to the current year

• “previous year value increase”: Analogous to increase, but from value

two years ago to value previous year

• “current year value decrease”: Decrease of a KPI from the previous

year to the current year

• “previous year value decrease”: Analogous to decrease, but from

value two years ago to value previous year

• “thereof”: Represents a subordinate KPI, i.e., if a KPI is part of another,

broader KPI

• “attribute”: Attribute that further describes a KPI

• “KPI-Coreference”: A co-reference to a KPI mentioned in a previous

sentence

Please follow the examples and description to extract Key Performance

Indicators and generate a consistent JSON format.
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