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Introduction
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and that the report is truthful and complete.
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Abstract

Previous language models (LMs) have been inadequate for long-text summarization due to
their limited context windows, which restrict their ability to effectively process and com-
prehend extensive textual data. This limitation has made it challenging for traditional LMs
to capture critical long-range dependencies and contextual nuances in longer documents.
Models with significantly longer context windows have emerged through various innovative
improvements to model architecture and training practices. Large language models (LLMs)
are tremendously effective in processing large amounts of textual data and show outstanding
results for various NLP tasks. Despite their proficiency with extended context windows,
quantifying the performance of LLMs on text summarization and question-answering tasks
remains largely unexplored on context window sizes of up to 128k tokens, representing a
significant research gap in the field of NLP.
To address this gap, our research implements new traceability metrics to evaluate how well
LLMs utilize information within their extended context windows for long-text summarization
and question-answering tasks. We propose an evaluation framework integrating automated
traceability metrics to provide a nuanced understanding of model performance. Our approach
focuses on determining which information models use and which they neglect depending on
their context window size.
For our evaluation, we employ three datasets, InfiniteBench, BookSum, and XSum, that exhibit
characteristics essential for extended context windows, such as uniform distribution of salient
information. We compare the performance across four models: LLaMA 3.1, Qwen 2.5, Phi 3,
and Command R7B.
Ultimately, our research reveals that the models exhibit inherent positional biases, leading
to varying performance based on the location of information within their context window
and the overall length of that context window. These findings highlight the importance
of understanding how context dynamics influence the efficacy of text summarization and
question-answering tasks.

Keywords: Large Language Models, Benchmarking, Text Summarization, Question-Answering
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1 Introduction

1.1 Motivation

When used for text summarization and question-answering, LLMs hold immense potential
for big data applications and individual use cases, such as consuming news or gaining new
knowledge. Condensing information spread over a long document can bring tremendous
value and time savings to various fields of research, business, and other key areas that
engage with large amounts of data. The advent of vast quantities of easily accessible digital
information, exemplified by the exponential growth of scientific publications [1] and the
commodification of digital data [2], necessitates practices and tools that help in effectively
managing, analyzing, and synthesizing this information. Natural language processing (NLP)
research strives to develop systems that help navigate complex and information-rich fields.
LLM summarizers and question-answering systems have been demonstrated to be effective
productivity drivers across diverse domains, including law, medicine, and finance, by provid-
ing concise and relevant summaries that enable users to quickly grasp essential information
and make informed decisions [3].

LLMs with context window sizes of more than a hundred thousand tokens, like Open Ai’s
’GPT-4o’ or the Meta ’ Llama3.1’ models, enable inference over exceptionally long documents.
However, summarizing such extensive documents presents significant challenges for LLMs.
Long texts often contain causal information chained over wide-ranging distances, making it
necessary for a model during inference to distribute its attention over all parts of the text and
retain early information for later reference. Directing the model’s attention to the parts of the
text that hold the most important information is key to generating summaries that align well
with human expectations. Additional challenges emerge with more abstract and nonlinear
text forms, such as novels, which necessitate that LLMs grasp contextual nuances and reduce
the likelihood of generating hallucinations. For LLM-generated summaries to be valuable
rather than problematic, they must be trusted sources of accurate, relevant, and complete
information. Therefore, it is crucial to rigorously assess how well a model understands a
text and how effectively it represents the text in its summary. NLP research has developed
numerous performance benchmarking tools and metrics to safeguard the reliability and
credibility of LLMs when dealing with extended context windows. However, we found that
many of these tests assess only limited context window sizes and thus do not capture the
latest advances and innovations in extended context window sizes. Conventional benchmarks
that test only up to a limited context window size are inadequate for assessing models capable
of processing entire books simultaneously, as they do not sufficiently account for long-range
dependencies and comprehensive contextual understanding. Our approach to evaluating

1



1 Introduction

the performance of LLMs seeks to adapt to increasingly large context window sizes, aiming
to determine whether more information equals higher quality model output or if models
become overwhelmed and display weaknesses, like catastrophic forgetting or hallucinations.

1.2 Problem Statement

This thesis will examine how large language models (LLMs) deal with extended context
window sizes. We propose a methodology for evaluating the long-document comprehension
capabilities of modern LLMs by implementing a benchmarking framework. This evaluation
pipeline aims to systematically assess and quantify the performance of various open-source
LLMs that employ distinct context window extension techniques aimed at effectively process-
ing increasingly large amounts of data. The methodology encompasses text summarization
and question-answering tasks to test how candidate LLMs use provided information and
whether they can accurately capture and reproduce the most salient features of a text.

1.3 Research Questions

In this thesis, we investigate various approaches to understanding how large language models
process long context windows while also developing our evaluation pipeline. We focus on
three key research questions that will guide and set the objectives of this thesis.

• RQ1: What are the most effective techniques for extending the context window of LLMs?

The first research question puts together an overview of recent developments regarding
long context window understanding. It will cover methodologies and technologies that help
modern LLMs extend their pre-trained context window size. This presentation of multiple
approaches offers room for comparison, which will be utilized later in this thesis.

• RQ2: How can we adequately test the quality of text summarization and question answering
produced by LLMs? Does the quality of the generated summary or answer improve when more
content from the article is provided to the model?

For the second research question, we will discuss how to best measure the long document
performance of LLMs. For this purpose, we will develop an evaluation pipeline comprising
three text-processing tasks. We want to understand how LLMs utilize their input data and
whether more information from extended context windows changes the performance of
LLMs.

• RQ3: How do LLMs utilize the information within their context window during text summarization
and question-answering tasks? Can LLMs distribute their attention uniformly across the entire
document, or is their attention clustered towards specific sections?

2



1 Introduction

The final research question focuses on analyzing the evaluation results of a collection of
models that implement selected context window extension techniques discussed in RQ1. We
will generate performance indicators and graphs that present the differences between the
models and the different datasets, measuring factors such as retention of relevant information,
completeness, and accuracy in summarization tasks.

1.4 Thesis Outline

The following chapter discusses relevant background for NLP principles and methods that en-
able long context window understanding of LLMs, covering model benchmarking approaches
and concepts relevant to the thesis, including automated text processing, transformers, similar-
ity metrics, and model prompting. These topics provide the theoretical foundation necessary
for understanding the methodologies applied in later sections. Chapter 3 reviews previous
research in areas such as question answering, benchmarking language models, and scoring
generative text summarization, contextualizing our thesis within existing literature. In Chap-
ter 4, we discuss the selected datasets used for our evaluation pipeline. Chapter 5 describes
the methodology taken in this research, including efficient transformer techniques, context
window extension methods, dataset selection, and the evaluation pipeline. Chapter 6 presents
the results of our evaluation pipeline. Chapters 7 and 8 conclude this thesis by summarizing
the key contributions of the thesis, acknowledging limitations, and outlining directions for
future work.

3



2 Background

To provide a comprehensive understanding of how modern LLMs process and understand text
for summarization and question-answer purposes, this chapter will highlight the success of
LLMs and the transformer architecture and discuss NLP applications of LLMs. It will explore
text evaluation metrics, such as similarity metrics, and subsequently discuss techniques for
contextual data representation and information about model prompting.

2.1 Automated Text Processing

2.1.1 Text Summarization

In today’s digital age, we face an overwhelming flood of textual information that exceeds
the human capacity to manually read and comprehend. This reality has created an urgent
need for automated text summarization systems. These systems serve a crucial role by
automatically identifying the most salient features of a text and condensing them into concise
summaries that maintain the essential meaning and overarching narrative of the original
content. Generative text summarization enhances human understanding of various domains
and enables effective processing of large amounts of information with reduced reading
time and cost restrictions. The literature commonly divides into extractive and abstract text
summarization [4]. Extractive summarization techniques identify the sentences that hold the
most relevant information of the text according to a specified sentence scoring technique, like
TF/IDF [5], or TextRank [6]. Abstract summarization methods diverge syntactically from
the source material while aligning semantical key features of the text by generating novel
sentences that rephrase and condense key concepts and ideas, eliminating redundancies.
As noted by Shakil et al. [7], abstract summarization techniques produce higher-quality
summaries by creating more cohesive representations of the original text than extractive
methods, which often string together unrelated sentences. Shakil et al. defines a high-
quality summary as a concise and coherent representation of the source material. It should
incorporate relevant and accurate information from the text, omit redundancies, and maintain
the original style, tone, and format.

2.1.2 Question Answering

Answering questions about long documents and retrieving factual data or key concepts
requires inferring knowledge over the entire length of a document. Similarly to text summa-
rization, question answering (QA) offers opportunities for automation using NLP techniques.

4



2 Background

Traditional, rule-based QA approaches rely on decision trees, lexical matching, and semanti-
cal heuristics for representing the syntactic and grammatical text structures that encode the
contextual meaning of the documents [8]. Such techniques have shown to be proficient with
already encountered data; however, they fail to adapt to unseen data that require learning new
rules [8]. Statistical approaches like support vector machines (SVM) or Bayesian classifiers
enable learning inherent textual data structures, paving the way for machine -and deep-
learning solutions for QA tasks [8]. Approaches likePDFTriage [9] use the inherent structure
of a document to answer questions based on the retrieved context. It simulates the reader’s
perception of the text structure by making use of structural metadata about the text. However,
this approach necessitates the input text to be highly structured, which is unsuitable for many
use cases that comprise inferring abstract texts that span long distances. Learning-capable
models, most prominently LLMs, are successfully deployed to tackle more abstract questions,
but they are limited by their context window size when facing longer documents. Particularly,
answering questions about long novels containing long-range dependencies requires a focus
on extending the context window and gaining an understanding of the entire document. One
common approach to circumvent this limitation is retrieval augmented generation (RAG),
which first retrieves relevant information from a large corpus (e.g., Wikipedia) and conditions
its generation on retrieved information [10].

2.2 Large Language Models

2.2.1 Statistical and Rule-based Models

The mathematical foundations from what later emerged LLMs were established in the early
20th century with Markov Chains, introducing probabilistic modeling for predicting se-
quential data, and N-gram prediction mechanisms, which popularized statistical language
modeling [11]. Rule-based approaches focused on identifying language patterns and struc-
tures but proved insufficient for adequately learning and understanding language structures
and nuances.

2.2.2 Neural Networks

Neural networks progressed from static modeling systems to a learning-capable approach
that enabled systems to dynamically generate text [12]. Recurrent neural networks (RNNs),
the first iteration of a successful neural network, enable context-aware sequential processing
of longer texts, allowing for more flexible and generalizable language modeling [13]. Another
example of a learning-capable approach is Long Short-Term Memory (LSTM), which facilitates
long document understanding, allowing the retention of information with memory cells and
gating mechanisms [14] However, these approaches face difficulties when processing large
amounts of data, encountering high memory and computing costs and insufficiencies in
retaining long stretching causal relationships [11].

5



2 Background

2.2.3 The Transformer

Ashish Vaswani [15] introduced the now-famous transformer architecture for neural networks.
The transformer tackles the challenges of high processing costs and lacking long-range text
understanding faced by RNNs and LSTMs. It excels at understanding long-form textual
data, enabling a holistic language understanding. The most integral part of the transformer
is its attention mechanism, which allows it to encode contextual information into word
embeddings. The meaning of words in a text largely depends on their relationships with their
surroundings and words from different parts of the text; the attention mechanism quantifies
these inter-word relationships. The transformer considers information inherent to a word itself
combined with information about where the word exists in the context of other words. The
attention mechanism assigns higher weights to words that are semantically relevant to each
other. This weighting process occurs when the attention score, calculated from the interaction
between query and key vectors, determines how strongly one word’s value vector influences
the representation of another word. The weighted sum of the value vectors then forms the
updated, context-rich representation of the word. These computations allow the transformer
to understand contextual nuances in a learning-oriented manner. Unlike the inherently
sequential architecture of RNNs and LSTMS, the transformer simultaneously computes its
contextual representations for each word. This design allows for massive parallelization on
compute-efficient hardware, explaining the wide adaption and success of the transformer [15].

2.2.4 Pre-trained and fine-tuned Models

Through pre-training, transformer-based models can develop a broad understanding of
language by learning patterns, structures, and relationships from large-scale language cor-
pora [16]. Fine-tuning can help adapt this generalized language understanding to specific
tasks, transferring the knowledge acquired from the model’s training to infer new knowl-
edge in task-specific scenarios [17]. Instruction tuning directs the model output to desired
characteristics by training the model on instruction-output pairs, enabling more effective
performance on targeted applications such as text summarization and making LLMs highly
practical for real-world scenarios [17].

2.3 Efficient Transformers

The advantage of transformer-based models is their ability to process information in parallel.
However, the transformer faces runtime issues and computational challenges in scenarios
with increasingly longer input data. In particular, its self-attention mechanism has a time
complexity of O(n2d), where n is the sequence length and d is the embedding dimension,
due to the computation of pairwise attention and the subsequent weighted sum of values [18].
Therefore, the basis for processing long textual data is improved transformer iterations
that handle data more efficiently, reducing memory and computational requirements of the
attention mechanism. Tay et al. [19] categorizes the modification of the attention layer into
the following types: Fixed Patterns (FP) statically restrict the scope of the self-attention

6



2 Background

mechanism with pre-determined patterns, Combination of Patterns (CP) synergize multiple
fixed patterns, Learnable Patterns (LP) take a data-driven approach to recognize existing
patterns of the token distribution of an input sequence, Memory (M) aims to optimize
memory usage, Low Rank (LR) compress the attention mechanism to a degree in order to
retain accuracy and save computational costs, Kernel (KR), as well as LR, is a blockwise
approximation of the attention mechanism, specifically the attention matrix. The following is
an incomplete list of examples of the highlighted approaches:

• The Image Transformer [19] simplifies self-attention by reducing the transformer’s
attention span to local input sequence subsets. (FP)

• Sparse Transformer calculates self-attention on a reduced number of key-value pairs.
(FP+CP)

• The Longformer [20] utilizes sliding window attention, which reduces the attention
range for each token to a local subset, and dilated sliding window, which excludes
parts from the receptive field, spreading the attention span farther over the sequence.
O(n(k + m) O(n(k + m) (FP+M)

• The Linformer approximates the self-attention matrix with a low-rank matrix reducing
complexity to O(n) [21]. The method reduces the parameters inside the attention matrix,
exploiting sparse patterns [22].

• Reformer groups similar word vectors with locality-sensitive hashing (LSH) allowing to
compute attention for a subset of all key-value pairs, reducing complexity to with a
complexity of O(n ∗ log(n)) [23]. (LR)

• Mixture-of-Experts (MoE) [24] divides a model into experts, sub-networks specialized
in a subset of the training data. MoE models reduce computational overhead by
activating only a limited number of experts for each input. Allows scaling up the model
size while retaining computational cost [25](LR)

2.3.1 Modified Self-Attention

An example of an adaptation of the attention mechanism is Grouped-Query Attention
(GQA) [26], which is frequently utilized in open-source models such as LLaMA and Qwen [27] [28].
One of the main advantages of GQA is its ability to significantly speed up inference while
preserving performance. By reducing the number of unique key-value pairs that are loaded
during inference, GQA lowers memory usage, leading to substantial efficiency gains.

2.3.2 Hardware-Aware Transformers

Beyond architectural modifications to the transformer, the idea to improve the implementa-
tion side contributed significantly to more efficient alternations of the baseline transformer.
FlashAttention [29] represents an approach to improve the efficiency of the transformer through

7



2 Background

optimizing memory management. Traditional attention computations are limited by memory
bandwidth and high activation memory usage, leading to inefficiencies on modern hardware
like GPUs. FlashAttention addresses these issues using a tiling approach that reads and writes
more frequently used data to high-bandwidth SRAM (shared memory) instead of repeatedly
accessing slower DRAM. This IO-aware approach significantly reduces memory traffic and
improves performance, enabling exact attention computation with lower memory usage. The
authors demonstrate that FlashAttention achieves up to 3× speedup and reduces memory
usage by up to 10× compared to standard attention mechanisms, making it particularly useful
for training and inference of large language models.

2.3.3 Quantization

Quantization is a model compression technique that reduces LLMs’ computational complexity
and memory requirements by representing weights and activations with lower precision.
Standard LLMs typically use 32-bit floating point representations of model weights and acti-
vations, but quantization reduces this to lower bit-widths down to 8 and 4-bit representations.
Quantization can be applied at different stages of model development, primarily through
Quantization-Aware Training and Post-Training Quantization [22]. Additionally, quantization
is often combined with pruning, which removes redundant parameters to further optimize
model efficiency [30].

2.4 Context Window Extension Techniques

Pre-trained language models typically have a context window length of around 4K–8K tokens,
which can be limiting for tasks requiring long-context understanding [31]. One of three
research questions of this thesis aims to identify the most effective techniques for extending
the context window. Various modifications help mitigate the quadratic computational and
memory requirements of self-attention, making extended context window inference more
feasible [22].

2.4.1 Positional Techniques

Transformers require positional information to be injected into their architecture since the
attention mechanism is inherently position-agnostic, meaning tokens are processed without
considering their position within the text [32]. This addition is crucial for maintaining the
sequential nature of natural language. Transformers can learn word positions within their
limited training length in numerous ways during training. There are two main approaches to
handling positional information: absolute and relative positional embeddings. The original
transformer architecture implements absolute positional embeddings with sinusoidal func-
tions [15]. These functions generate unique position vectors for each token added directly
to the word embeddings at the bottom of the transformer. However, this approach has
significant limitations when processing positions beyond the trained context length of the
model. In this case, the sinusoidal values can lead to degraded output quality, lowering the
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extrapolation and generalization capacity of the model to longer sequences. Furthermore,
absolute positional embeddings treat positions independently from each other, failing to
capture the intuitive notion that nearby tokens should have more contextual relevance than
more distant tokens. In understanding language, the relative positioning of words is crucial.
Within a transformer’s architecture, relative positions can be computed through the differ-
ences between queries and keys inside the attention mechanism. The subsequent sections will
discuss the prominent approaches for enabling long-context understanding by modifying the
transformer’s positional embedding stage.

The efficient baseline models can undergo architectural augmentation to accommodate
extended context processing in NLP tasks. Substantial research has been conducted to take
advantage of the intrinsic model characteristics to enhance contextual comprehension of
transformers, resulting in a diverse spectrum of methodological approaches. Following
the taxonomic framework proposed by Pawar et al. [33], contemporary context extension
techniques can be classified into extrapolative and interpolative paradigms. Extrapolative
techniques employ predictive algorithms to project beyond the initial pre-trained context
boundaries, using various mathematical models to estimate token relationships in extended
sequences [34]. On the other hand, interpolative approaches focus on enriching the existing
context space by synthesizing novel data points within the unexplored regions of the pre-
trained context manifold, effectively creating a more densely populated attention space [34].

ALiBi

Zero-shot context length extrapolation [33] refers to an LLM’s natural ability to handle
sequences longer than encountered during training without additional training or fine-tuning.
Attention with Linear Biases (ALiBi) [35] is a positional extrapolation (PE) technique that
harnesses this ability. It has proven to be proficient in generalizing sequences that are longer
than those encountered during training. As compared to other PE schemes, ALiBi does not
use positional encodings; it encodes position information by biasing the query-key attention
scores proportionally to the distance between each pair of tokens [22]. The bias matrix applied
to the attention is static and not learned [25].

RoPE

Rotary Position Embeddings (RoPE) [36] are an approach for injecting relative positional
information into the transformer. It significantly improves sequence length flexibility and
generalizes to longer context windows over previous iterations. RoPE applies a rotational
transformation to the query, key, and value vectors based on their positions in the sequence.
Greater rotations indicate later positions inside the sequence, and relative positions between
words are preserved through rotation differences. Closer tokens with more significant
contextual similarity applied to the RoPE rotation have a smaller dot product, indicating
closer contextual alignment. The rotation angle observes a natural attention decay pattern
where distant words yield smaller dot products [36]. [37] RoPE has been the de-facto standard
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technique for various LLMs, i.e., the suite of Llama models [27], or models from Mistral AI
[38].

xPOS

Positional extrapolation with solely RoPE-based models, however, is limited [37]. Extrapo-
latable Position Embedding (xPOS) [39] aims to generalize to sequences longer than those
encountered during training. Adding an exponential decay component to the RoPE com-
ponent, where the decay becomes smaller with larger basis frequencies, improves stability
during training, mainly when modeling relationships between tokens that are far apart in
the sequence [25]. They additionally incorporate a block-wise form of causal attention to
enhance the model’s capacity during the inference phase. Testing on language modeling tasks
revealed strong results: the model achieved better perplexity scores on standard validation
data and maintained its effectiveness when processing sequences that exceeded the length of
its training examples.

Positional Interpolation (PI)

Instead of positional extrapolation, Positional interpolation deals with longer context win-
dows by scaling new positional indices to the maximum range of the context window limit
established during the pre-training phase [22]. (show this wavelength graph?) The idea is
to directly downscale position indices that exceed the maximum context length, effectively
populating the existing RoPE curve with data points of unseen positions [37]. Their analysis
demonstrates competitive performance evaluated on text summarization tasks up to a context
window length of 32k tokens with minimal additional training.

NTK-aware and NTK-by-parts Interpolation

RoPE transforms the one-dimensional positions of tokens into n-dimensional complex vec-
tors, which are rotated inside a vector space [36]. In order to capture relative positional
information across the entire context length, RoPE embeddings assign different frequencies
to each dimension of the positional RoPE vector, which then maps to a sinusoidal function.
Low-frequency components with long wavelengths capture long-range positional information,
while high-frequency components allow fine-grained, precise positional distinction. The
wavelength of the function can be understood as the length of tokens needed in order for
the RoPE embedding at dimension d to perform a full rotation (2π) and produce duplicated
values (copy) [40], short wavelength, i.e. high-frequency, its rotation cycles very fast, meaning
token positions quickly start to look similar. Interpolating RoPE embeddings for longer
sequences, as described in the corresponding section of (PI) involves linearly stretching all
embedding dimensions based on the scaling factor, irrespective of their wavelength and
frequency, to accommodate unseen values. For a target extension ratio, the rotation angles
of all positions are linearly reduced across all RoPE dimensions. However, this makes the
positional information very crowded, which leads to the loss of high-frequency information
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since close positions are less distinctive due to the associated shortened wavelengths [32].
NTK-aware interpolation addresses this complication by scaling low-frequency components
that represent long-range dependencies to a higher degree than high-frequency components,
which retrain fine-grained positional information [40].

YaRN

Yet another RoPE extension method (YaRN) [40] builds upon the selective interpolation of
NTK-aware interpolation of low and high-frequency dimensions [22]. YaRN groups the RoPE
dimensions based on their frequency. It applies different extension strategies for each group
of dimensions [41]. High-frequency dimensions undergo extrapolation, preserving granular
information, and low-frequency dimensions use linear interpolation (PI). The non-linear
interpolation function for positional embeddings maps the original position space to an
extended space, helping stabilize attention scores across varying sequence lengths while
preserving critical positional information and mitigating performance degradation at longer
contexts [40]. YaRN models show improved performance on context windows of up to 32k.

LongRoPE

The proposition of LongRoPE [41] states that positional encoding should be handled non-
uniformly. Previously discussed techniques like YaRN or PI scale RoPE embeddings based on
an arbitrary human-designed set of rules. PI scales each dimension equally with a constant
factor s; YaRN determines dimension scaling based on its frequency [40]. LongRoPE exploits
prevalent non-uniformities and sets individual rescale factors according to each dimension.
LongRoPE applies evolutionary search to find optimal scaling factors for each RoPE dimension,
making the positional encoding operation non-linear across all dimensions [41]. Earlier token
positions require less interpolation; finding the optimal configuration depends on the desired
sequence length extension. Interpolation for high-frequency components is bad -> adjusting
resale factors (mitigating performance on the original context window). By leveraging these
non-uniformities, LongRoPE minimizes the information loss typically caused by positional
interpolation. This approach minimizes information loss during interpolation, providing a
more decisive starting point for fine-tuning. It enables models to handle sequences eight times
longer than their original training length without additional training. LongRoPE leverages an
efficient, progressive extension strategy to achieve up to 2 million token context windows
without requiring direct fine-tuning on texts with highly long lengths, which are scarce and
hardly available. Extensive experiments validate the effectiveness of LongRoPE. The method
demonstrates superior performance in perplexity and retrieval tasks across various models,
including LLaMA2 and Mistral. It maintains low perplexity across extended contexts and
achieves over 90% accuracy in retrieval tasks, outperforming state-of-the-art alternatives like
linear interpolation, NTK-aware scaling, and YaRN [41].
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2.5 Similarity Metrics

Although evaluating text quality is inherently subjective, measuring it against widely accepted
characteristics offers a clear and transparent framework for assessment and comparison.
Human judgment is the gold standard for determining whether a text meets specific re-
quirements, but it is infeasible for large-scale evaluations regarding NLP tasks. Supervised
machine learning practices assume a reference summary that combines desired qualities on
which a candidate generation can be measured. For text summarization, we have ground
truth summaries that can be human-written, human-annotated, or generated by other LLMs.
Automatically calculating the similarity of a candidate and a reference becomes vital for
large sample sizes and generative models. The goal is to capture syntactic and semantic
equivalences, ensuring the candidate represents the ground truth well.

2.5.1 Lexical Similarity

The similarity of two texts can be assessed at different levels of granularity, ranging from
the token level to the sentence level. Perplexity is the earliest adoption of automatically
evaluating model generations. It measures the quality of a text on a token-level alignment,
making it compute efficient but limited in measuring semantic similarity as it considers a
very restrictive view of the data, leaving out semantic nuances and overarching themes of a
text. [42] N-gram-based metrics statically evaluate texts on a word level by measuring how
many subsequences of n-words match between the candidate and the reference. Increasing
the n reduces the flexibility of a candidate generation to express equivalent meaning using
novel expressions, constraining it to the exact match to the reference. Measuring this lexical
alignment along two dimensions, recall and precision [43] is standard practice. Recall
measures how well a candidate captures all relevant features of the ground truth and thus
indicates the diversity and completeness of the model output. Precision evaluates the accuracy
of the candidate’s proposed solutions, making it a measure of quality. A candidate text can
have high precision, indicating that what it generates is correct but captures only a fraction of
all relevant information, suggesting a low recall score. Therefore, we can combine the two
measurements into one metric, the F1-score. It is calculated as the harmonic mean of precision
and recall, balancing the two metrics. ROUGE (Recall-Oriented Understudy for Gisting
Evaluation) is a widely used framework for automatically evaluating the quality of text
candidates [44]. It encompasses several measures, including ROUGE-N for n-gram overlap,
ROUGE-L for longest standard subsequence matching, and ROUGE-S for skip-bigram co-
occurrence, which refers to the number of pairs of words that appear in the same order within
a certain distance in the text. One of ROUGE’s main strengths is its capability to evaluate
precision and recall in summary generation, effectively measuring linguistic coherence and
content accuracy.
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TF/IDF

Term Frequency/Inverse Document Frequency (TF/IDF) [5] measures the importance of
terms within a text by assigning a weight to each term. TF measures how often a term
t appears in a document d; a higher frequency indicates that the term is more significant
within that specific document. IDF assesses the importance of a term across a corpus of
N documents. Terms that appear in many documents are considered less informative and
discriminative, while those that appear in fewer documents are deemed more significant. IDF
computes the logarithm of the inverse of the fraction of documents containing the term (ni):

TF =
occurence of t in d

number of terms in d

IDF = log
N
ni

TF/IDF = TF ∗ IDF

TF/IDF can be used to measure the similarity of a candidate text to a reference text on a
sentence or paragraph level. TF measures the importance of terms within a sentence or
paragraph, and IDF measures how significant the term is considering the entire text. The
weights TF/IDF assigns to each term form a vector representation of the sentences, which
then can be compared with a similarity metric like the cosine similarity.

2.5.2 Contextual Similarity

Cosine Similarity

The cosine similarity [45] measures the similarity of two n-dimensional vectors (A and B) by
calculating the cosine of the angle between the two vectors:

cos(θ) =
A ∗ B

∥A∥∥B∥

Where A ∗ B is the dot product of the vectors and ∥x∥ is the magnitude of the vectors.
A cosine similarity score of 1 indicates that the vectors are perfectly aligned, signifying
complete similarity. A score of -1 denotes that the vectors are oriented in opposite directions,
representing total dissimilarity. A score of 0 implies that the vectors are orthogonal, indicating
no similarity between them.

BERTscore

BERTScore [46] contributes a semantic sensitive similarity metric. It uses contextual token
embeddings of the pre-trained BERT model, a bidirectional transformer-based encoder model
for contextual text understanding [47]. It uses the sum of the cosine similarities between
the token embeddings to determine the similarity of the candidate and the reference text.
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Compared to lexical n-gram-based metrics, BERTscore can detect matching paraphrases and
better capture distant word dependencies. Changing the order of words in a sentence can
alter its meaning, especially cause-effect relationships that change meaning depending on
their word order. While traditional n-gram models fail to catch these important differences,
BERTScore is proven to successfully identify when word order changes affect meaning.
BERTScore correlates highly with human judgment, allowing for a soft similarity measure
instead of exact-string or heuristic matching.

Sentence Transformers

Sentence Transformers (SBERT) [48] employs a siamese and triplet network structure for
computing text representations with semantic sentence embeddings. It adapts the pre-trained
BERT encoder model and enables contextual similarity comparison of sentences with cosine
similarity. This thesis will use the sentence transformer ’all-MiniLM-L6-v2’ [49].

2.6 Model Prompting

Prompt engineering can significantly boost the inference quality of LLMs, and it can help align
LLM-generated output to task and domain-specific characteristics [25]. It involves designing
and optimizing instructions to produce accurate, relevant, and coherent model outputs [50].
The underlying principles for well-structured prompts lie in inter-human communication.
Unambiguous and precise language helps the model reduce the risk of generating generic
output, directing it to more specific responses. Giving examples or setting a scene with a role
allocation for the model further improves the alignment to desired outcomes by providing
context, expectations, and constraints that guide its responses more effectively [51].

Zero-shot prompting refers to the practice of providing a model without prior context for
solving a specific task. This challenges the model to infer resolutions from its more or less
generalizable knowledge learned during training. One-shot and few-shot prompting provides
the models with one or more examples of how a specific task should be completed successfully
at inference time. More sophisticated prompting techniques include Chain-of-thought (CoT)
prompting that dissects logical tasks into intermediate problems, enhancing the transparency
of how the model reasons over a given task.
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This chapter surveys different LLM benchmarks, exploring how these evaluation frameworks
measure the performance of LLMs across different NLP tasks. This survey will guide the
design of our evaluation benchmark later on. The chapter will subsequently present metrics
dedicated explicitly to text summarization and question-answering tasks.

3.1 LLM Benchmarking

Various benchmarks have been developed to facilitate the comparison of different LLMs
and determine the quality of the model. Since LLMs possess a wide range of capabilities,
these benchmarks must assess multiple performance dimensions - from basic language
understanding to complex reasoning, creative generation to factual accuracy, and task-
specific proficiency to general knowledge application. Conventionally, many benchmarks
evaluate models using a relatively small context window. However, as modern LLMs are
increasingly required to process and comprehend longer texts, it is essential to develop
benchmarks assessing their ability to effectively handle extended context windows. The
evaluation of LLMs on long documents remains an especially active research area, offering
valuable insights into how these models distribute their attention across extended contexts
and retrieve and understand long-range dependencies. In particular, evaluating generative
text summarization is crucial, as models must effectively process entire documents to generate
comprehensive summaries. Various methodologies are used to test this capability. As LLMs
continue to advance, researchers have developed numerous benchmark datasets to assess
their performance across diverse tasks. The following sub-chapters will introduce notable
benchmarks for evaluating long-document understanding, summarization, and question-
answering tasks.

3.1.1 SCROLLS

Standardized Comparison Over Long Language Sequences (SCROLLS) [52] is a benchmark
designed to evaluate LLMs on tasks involving long texts. The creators of SCROLLS curated a
suite of datasets where inputs are naturally lengthy and require synthesizing information
across the text. The benchmark tests LLMs on summarization and question-answering tasks
across various domains, including literature, science, business, and entertainment. SCROLLS
establishes consistent evaluation methodologies, using standard metrics such as ROUGE for
summarization and F1-score for question-answering tasks.
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3.1.2 LongBench

LongBench [53] is another example of a benchmark for long document inference. It comprises
21 unique datasets spanning six categories and includes texts in both English and Chinese.
Along with SCROLLs, LongBench offers model evaluation with text summarization and
question-answering tasks. Testing of eight popular LLMs, including GPT-4, Llama-2, and
Mistral revealed that while commercial models performed better than open-source ones, all
models struggled with very long contexts. They also experiment with techniques such as
scaled positional embeddings and long-sequence fine-tuning to improve the understanding
of long-context windows.

3.1.3 LEval

L-Eval [54] tests long-context understanding of models through summarization and question-
answering tasks, covering open-ended and definitive questions across various domains,
including law, financial records, and poetry. This benchmark stands out by using documents
up to 200k tokens in length, significantly longer than other benchmarks. L-Eval points out
that traditional n-gram metrics, including ROUGE, often fall short when evaluating long-form
text and frequently disagree with human assessment. To address this, L-Eval implements
AI-powered evaluation using advanced LLMs instead of conventional metrics. The authors
of the paper test 16 different models with L-Eval, and concluded that commercial and open-
source capabilities see a substantial difference, particularly in tasks requiring deep contextual
understanding.

3.1.4 InfiniteBench

InfiniteBench [55] contributes a benchmark for extremely long context windows, exceeding
100k tokens for English and Chinese data. Using synthetic and real-world examples, it
measures how well models maintain coherence and extract information from lengthy contexts.
Initial results reveal that even advanced models struggle with such long sequences.

3.1.5 Lost in the Middle

Lui et al. [56] investigate how well LLMs use long context windows more closely. It utilizes
multi-document question answering and key-value retrieval to assess whether models can
attend to all parts of the input equally. They feed the models multiple documents, of which
only one contains the necessary information to tackle the question or to complete the key-
value pair. They control for the number of distractor documents and the position of the
single relevant document to determine if the model performance depends on the context
window size and the position within it. The evaluation reveals a U-shaped performance trend
across the context window length for all tested models, including GPT-3.5, Claude-1.3, and
Llama-13B. The models struggle to accurately utilize information positioned in the middle
of the context window, performing better when the information appears at the beginning
(primacy bias) or the end (recency bias). Expanding the context window and supplying the
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model with more information presents a trade-off. While a larger input context can enhance
performance by providing more relevant details, it also increases the amount of irrelevant
content the model must process and stretches the limited attention span of the model, which
may reduce accuracy.

3.2 Evaluation Metrics for Text Summarization and
Question-Answering

Summarization Metrics Koh et al. [31] establish a framework for evaluating the quality of
generative text summarization. Their paper assesses a summary along multiple dimensions,
focusing on how well it captures the source material’s core concepts while maintaining
coherence and traceability. Traditional metrics like ROUGE and BERTScore measure lexical
and semantic similarity between the generated summary and reference texts, assessing
relevance and recall. Beyond these, extractive coverage and density metrics help trace back
summary content to the original document, indicating how much of the summary is directly
derived from the source. The study also evaluates the Informativeness of the summary by
analyzing how well different sections of the original text are represented in the summary,
using ROUGE-L scores to map summary sentences to corresponding sections.

Metrics for Question-Answering KPQA [57] evaluates question-answering. It focuses on
key-phrase prediction instead of relying solely on traditional lexical overlap metrics like
ROUGE. KPQA assigns different weights to each token based on its importance, ensuring that
key meaning is preserved in the generated answer. The study found that KPQA correlates
more strongly with human judgments compared to existing evaluation methods.
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This chapter discusses the characteristics of the selected datasets used for our evaluation
pipeline.

4.1 Dataset Characteristics

For our evaluation tool, we utilized three datasets that adhere to characteristics favorable
to extended document inference. We require datasets with long-range texts, little layout
biases, and abstractive summaries. Each dataset is filtered to include only entries with at least
128,000 tokens and is evaluated based on the following four metrics introduced by Koh et
al. [31]:

• The compression ratio is the document length divided by the summary length. It
indicates how much of the original document is condensed to arrive at the dimensions
of its summary. The ratio increases exponentially with the document length since longer
texts contain increasingly more redundant information.

• Extractive Coverage and Density measure how much the summary directly extracts
from the source document, revealing whether a model generates a summary by directly
copying text chunks or by reorganizing and rephrasing content. A lower value of the
two metrics suggests that the summary is more abstract than extractive and vice versa.

• Redundancy averages the pair-wise similarity score for each summary word. A higher
redundancy score indicates more overlap in content between sentence pairs. The metric
helps evaluate whether a summary is unnecessarily repetitive or efficiently conveys
unique information in each sentence.

• Uniformity examines the distribution of important information throughout the source
document. It calculates the normalized entropy of the positions within the document
of the 20 most important summary words. A low uniformity indicates a structural
information bias of the source document, whereas a high value suggests that the
information is evenly distributed over the whole length of the document.

4.2 BookSum

BookSum [58] contains 405 plays, short stories, and novels with expired copyrights collected
from the Gutenberg project. Each entry is divided into book, chapter, and paragraph level
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splits, with an average length of 145.000, 6.600, and 220 tokens, respectively. Each split level
is paired with a highly abstractive human-written reference summary containing an average
of 1100 tokens.

Figure 4.1: (Left) The illustration, taken from [58] of the salient unigram distribution of
different datasets, measures how well relevant information is distributed across
the document. BookSum displays an even distribution of information. (Right)
Percentage of novel n-grams, highlighting the degree to which the reference
summary abstracts from the input text.

4.3 IniniteBench

Similarly, the text summarization subset of the InfiniteBench [55] benchmark includes novels
and play writes from five distinct domains, with an average length of 103,500 tokens. They
employ key entity replacement to obscure the potential familiarity resulting from the training of
language models to the novel which are publicly available online.

Figure 4.2: First five rows of the InfiniteBench dataset [59].
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4.4 XSum

The third dataset XSum [60] compared to the previous two dataset contains much shorter
news articles, on average 431 words. The articles are aligned with single-sentence, human-
written, and non-extractive summaries. The dataset consists of 204.045 articles from various
domains crawled from the BBC archive between 2010 and 2017. In order to comply with the
long context setting of our evaluation tool, we concatenate a subset of articles until they reach
a length of 128,000 tokens. The same process is applied to the summary sentences.

4.5 Dataset Statistics

The metrics shown in Table 4.1 that confirm that the datasets adhere to the characteristics
listed above. With an average uniformity score of 78.3, the datasets have a even distribution
of information across the entire document length. Additionally, the low overall values for
CRT and CRS suggest a highly abstract nature of the documents and reference summaries.

Dataset BookSum InfiniteBench XSum

CRT/CRS 19,0/18,1 237,73/274,43 17,78/17,76

EC/ED 0,03/0,19 0.012/0.06 0,06/0.35

Redundancy 0,10 0,11 0,10

Uniformity 0,70 0,75 0,90

Number of Rows 405 103 204045

Words per Entry 84.660 128.000 431,07

Words per Summary 875 825 23,26

Table 4.1: Dataset metrics: CRT=Compression Ratio Token-Level, CRS=Compression Ratio
Sentence-Level, EC=Extractive Coverage, ED=Extractive Density, Redundancy, and
Uniformity; after these metrics, we have statistics that depict the dimensions of the
datasets.
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This chapter will present the methodology used to answer our research questions and present
the implementation of our evaluation pipeline. We outline the specifications of the evaluation
tool that aims to provide a comparative performance analysis of various models that utilize
the discussed techniques for extending their context window.

5.1 Evaluation Pipeline

The primary focus of this thesis is to examine how LLMs leverage their context window
for text summarization and question-answering tasks based on their implementation details
and the volume of input data provided. The preceding literature review of contemporary
context window extension techniques in Chapter 2.4 provided an orientation within the
dynamic landscape of many emerging architectural approaches for enhancing long context
window understanding. In subsequent chapters, we highlighted the significance of testing
the performance of LLMs. We conclude that the benchmarks presented in Chapter 3.1 are
insufficient to test LLMs in particularly long context windows of up to 128.000 tokens. In order
to meet the importance of these points, we will select a suite of four models, representing
one context window extension each, and compare these models with our evaluation tool
for long document understanding on three tasks, which include text summarization and
question-answering. The following three points introduce our proposed evaluation metrics:

• Positional Information Analysis: The first metric is a granular examination of the
model’s text summarization ability. It examines the extent to which the model can
allocate its attention across the full length of its context window, determining what
information it prioritizes for summarization depending on the context window size.

• Atomic Fact Extraction and Validation: Secondly, we implement a strategy for evaluat-
ing the factuality of the model summary. We implement a fact decomposition algorithm,
which segments the summaries into factual units. The metric analyzes the change of
information depending on the size of the context window. We want to discern where
the model derives new information and loses information when we prompt it with a
longer context.

• Question-Answering: Systematically evaluates the question-answering performance
across variable context window lengths, measuring the model’s comprehension accuracy
and response consistency.
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5.2 Pipeline Functionalities

In this chapter, we introduce the core functionalities of our evaluation tool, designed to
provide a comprehensive and flexible framework for analyzing model performance.

• Incremental Data Loading: The pipeline should facilitate the analysis of performance
trends of different models along the length of a variable input sequence. We implement
an incremental data loader for prompting the models with input sequences from 10.000
to 128.000 tokens.

• Experiment Modularity: The tool should allow users to fine-tune experiment config-
urations with granular control. This flexibility enables in-depth exploration of model
capabilities, allowing users to identify strengths and weaknesses effectively.

• Model Modularity: The user should be able to upload custom models and adjust
those settings according to individual use cases, allowing for a detailed analysis of the
strengths and weaknesses of their different models.

• Evaluation Metrics: The pipeline should provide in-depth insights into how models
utilize their context window size using distinct evaluation metrics.

• Data Visualization: Users should benefit from thoroughly visualizing results across
various configurations, enabling a visual comparative analysis.

5.3 Pipeline Design

Figure 5.1: This flowchart visualizes the underlying structure of the summarization tasks.
It feeds the entries of the datasets through the data loader, which splits them
into chunks that are incrementally longer by 10.000 tokens. We then run a
summarization inference with the model for each book split. We subsequently
retrieve positional information from each model summary and use it for the
positional and factual analysis.

The design of our pipeline aims to assess LLMs according to two dimensions:
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• The impact of context length on performance - does providing more context enhance or
degrade the model’s accuracy?

• The influence of information placement within the context - does the model exhibit a
bias toward certain sections of the input text?

To explore these factors, the data loader component divides input documents into thirteen
segments, increasing in length by 10,000 tokens, ranging from 10,000 to 128,000 tokens. Next,
we prompt the candidate model to summarize each document segment. We then extract
positional information from the summary derived from each document segment, creating
a mapping that links summary sentences to their corresponding positions in the book. For
the first evaluation step, we analyze the distribution of the model’s attention throughout
its context window using this positional information. This analysis reveals whether the
model observes positional biases toward a specific part of the input sequence or whether it
can evenly distribute its attention over the context window. The subsequent second metric
extracts the information in the summary and analyses how it changes with increasing context
lengths by comparing two summary pairs from different document segments. We visualize
the structure of the pipeline architecture for the first two metrics in figure 5.1. For the third
metric, the question-answering task, we split each document segment into three parts; for
each part, we generate question-answer pairs of four question types using GPT-4o-mini. The
models then answer the questions, and we measure their similarity to the generated reference
answers. Figure 5.2 illustrates this part of the pipeline. The pipeline runs these experiments
on each selected dataset and visualizes the results through graphs.

Figure 5.2: This figure illustrates the question-answering component of the pipeline. We
split each book into three parts; for each part, we generate question-answer pairs
using GPT-4o-mini of four question types. The candidate model is then prompted
to respond to these questions, and the similarity between its answers and the
generated references is measured. The results are then visualized.

Full modularity of the pipeline We enable users to configure their custom models and
experiment setups. The pipeline employs a modular approach for benchmark initialization.
The model configuration includes adjusting parameters that influence the tone of the output,
such as setting the temperature and top_p, as well as specifying the maximum allowed tokens
for each response. This flexibility allows users to tailor the model’s behavior to suit their
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specific needs and preferences, ultimately enhancing the overall effectiveness of the pipeline.
The experimental setup can be adjusted by controlling for the maximum context window
size, the number of books, or the similarity metric, choosing between tf/idf and sentence
transformers used to evaluate candidate generations.

5.4 Data Loader

Our evaluation framework uses a data loader that processes books by dividing them into
segments of incrementally larger sizes. These segments progressively fill the models’ context
windows, reaching up to 128,000 tokens. We test the model performance depending on the
size of the segments. This approach allows us to:

• Test how effectively models utilize their maximum context capacity and test for inherent
context window biases.

• Evaluate information processing quality as the input size grows and identify potential
performance degradation points

The data loader allows us to assess whether more information enhances or diminishes the
quality of generated summaries. This method effectively reveals the practical limits of each
model’s context understanding and processing capabilities.

5.5 Model Prompting

The pipeline describes constraints for the different models to ensure uniform output. We
instruct the models to generate suitable summaries that align with the length, scope, and
tone of the reference summaries. Due to the immense informational scope of our documents,
the models tend to generate extensive summaries, often losing focus on the main points
and discussing minor unimportant details of the document. Including a statement about
the desired length—specifically, the length of the reference summary—of the model sum-
mary in the prompt alleviates this problem to a great extent, leading to more concise and
holistic summaries. Additionally, we instruct the model to generate continuous summaries,
restraining them from using bullet points of salient facts of the book. These principles of
conciseness also apply to the question-answering task. This enhanced control over the model
outputs facilitates a meaningful comparison of consistent summaries between different mod-
els. In practice, however, we cannot control for all deviations. A common challenge across
all models is adhering to the maximum output length specifications, which can sometimes
lead to incomplete summaries. Even with the instructions in the prompt, some models may
summarize content chapter by chapter, resulting in redundancy and unnecessarily lengthy
outputs. We apply zero-shot prompting for the text summarization and few-shot prompting
for the question-answering, giving examples for the ideal model performance.
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5.6 Positional Information Analysis

The first of the three evaluation metrics in our pipeline is the positional analysis of the
model summaries. We perform a thorough positional analysis to identify the source of the
information in each model summary. The summaries are divided into individual sentences,
while the books are segmented into consistently sized paragraphs. Next, we establish con-
nections between summary sentences and their source locations by calculating the similarity
of every pair of summary sentences and document paragraphs. This mapping uses three
complementary similarity metrics:

• TF-IDF (2.5.1) measures text similarity based on word frequency-based.

• Sentence Transformer(2.5.2): We use ’all-MiniLM-L6-v2’ [49] to compute semantic
similarity through the cosine distance between contextual text embeddings.

We also evaluate the reference summary against the complete text to establish a baseline.
The result is a distribution map showing where each summary sentence likely drew its
information from in the source text, revealing the focus of the model’s attention over its
context window.

5.7 Atomic Facts Evaluation

The second metric evaluates the correctness of a summary by extracting and scoring in-
formation from it. This approach uses FActScore, which is a fact-extraction method for
autonomously evaluating.

FActScore FActScore [61] approaches the evaluation of model summaries from the perspec-
tive of factual accuracy. Determining the factuality of a text often relies on human evaluation,
which is not scalable for large NLP tasks. To address this issue, FActScore introduces an
evaluation methodology that aims to automate and approximate the accuracy of human
evaluation. The approach leverages powerful LLMs to extract atomic facts from the model
summary, which it then validates against a knowledge source, such as the Wikipedia corpus.
An atomic facts is a concise sentence that conveys a single piece of information [61]. The
authors claim that FActScore classifies only less than 2% of all facts as either correct or incor-
rect falsely. For the approach to work, the authors require the data to be objective, containing
specific information; thus, they use biographies that adhere to those requirements. The study
concludes that the majority of LLMs produce summaries that are significantly less factual
than human-written summaries.

5.7.1 Adapted Fact-scoring

We utilize the fact extraction methodology of the preceding approach for our atomic facts
evaluation. Our metric evaluates where models obtain the information from the source
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He made his acting debut in the film
The Moon is the Sun’s Dream (1992),
and continued to appear in small
and supporting roles throughout the
1990s.
- He made his acting debut in the film.
- He made his acting debut in The
Moon is the Sun’s Dream.
- The Moon is the Sun’s Dream is a
film.
- The Moon is the Sun’s Dream was
released in 1992.
- After his acting debut, he appeared
in small and supporting roles.
- After his acting debut, he ap-
peared in small and supporting roles
throughout the 1990s.

Handsome and intelligent, but
neurotic and mercurial, Raskolnikov
spends his days sleeping in run-
down quarters and dodging his
landlady, to whom he’s deeply in
debt.

- Raskolnikov is handsome and
intelligent.
- He is neurotic and mercurial.
- He spends his days sleeping.
- He lives in run-down quarters.
- He avoids his landlady.
- He is deeply in debt to his landlady.

Figure 5.3: Illustrates the two different approaches for prompting the extractor LLMs GPT-
4o-mini. On the right, we have an example of the original prompt template from
FActScore featuring a sentence from a biography containing factual information.
On the left, we have an example from our prompt template, a more abstract
sentence requiring more nuanced information extraction.

document depending on the context window size and whether generated summaries present
verifiable claims that align with the original text’s context. FActScore employs few-shot
prompting to extract atomic facts sentence-wise. The extractor LLM is prompted with multi-
ple sentences and their associated facts as examples for a successful fact extraction. We adapt
this prompt template to better suit our use case of more abstract text forms. As a result of this
modification, we notice a slight increase in fact accuracy, as determined by our fact-scoring
approach, which will be discussed later in this section. Figure 5.3 shows two examples for
the original prompt sentence and the modified, more abstract iteration. We assume that this
modification and the fact that we do not use the fact-scoring technique of FActScore mitigate
the effects of our data’s abstract nature on the process’s factuality. Since FActScore uses the
dated InstructGPT as their fact extractor, we changed to the more recent GPT-4o-mini for
extracting factual information from the model summaries.

Instead of using the FActScores scoring technique, we employ the following two distinct
custom scoring processes:

• First, we use a matching process to trace each extracted summary fact back to the
paragraph from which it is derived in the source text. We use the positional mapping
from our first evaluation metrics from Chapter 5.6 for this purpose. The highest
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similarity to the facts extracted from the located document paragraph then determines
the accuracy of the summary fact.

• Secondly, we score the model summary according to the extracted atomic facts from the
reference summary to match each to the best-fitting summary fact, which we then use
as the score.

These two approaches quantitatively measure how well the source text supports each
atomic fact from the candidate summary.

5.7.2 Gradual pair-wise comparison

In addition to the fact-scoring, we want to analyze how each incremental expansion of the
context window changes the information contained in the summary. We perform a pairwise
comparison of two model summaries as the context window expands, with the first summary
generated from a prompt containing 10,000 fewer tokens than the second. We leverage the
positional mapping established in Chapter 5.6 to locate each summary fact’s origin. With
this comparison, we can identify how the information contained in the summaries changes
depending on the context window size. We classify all facts from the two summaries into
three categories based on the pairwise cosine similarity. We first compared each fact from the
first summary to each of the second, and then vice versa:

• A fact is considered a matching fact if its similarity score with any fact in the other
summary exceeds a similarity score of 0.7.

• If no fact crosses this similarity threshold, the fact is designated a lost fact.

• Similarly, when comparing facts from the second summary with those in the first, a fact
is deemed a new fact if no fact in the first summary has a similarity score greater than
0.7.

This comparison explains where the model maintains, acquires, or loses information as
their context windows expand, offering insights into its information processing capabilities
across varying input scales.

5.8 Question Answering

Our third task evaluates the model’s proficiency in responding to questions concerning a
given document. We draw inspiration from the method proposed by Hilgert et al. [62], which
involves question-answering across four distinct types of questions about scientific papers. The
study delineates four distinct categories of questions designed to assess various dimensions
of the model’s capabilities: abstract (A), binary (B), extractive (E), and unanswerable (U).

• Abstract questions require the model to freely infer information and relationships from
documents and to generate novel expressions in its responses. This introduces difficulties
in maintaining factual accuracy, ensuring coherence, and preventing hallucinations.
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• Extractive questions require LLMs to locate and directly retrieve relevant information
from the given context without altering its wording. This presents challenges such as
accurately identifying the correct span of text, distinguishing between closely related but
distinct details, and handling cases where the exact answer is scattered across multiple
sentences.

• Binary questions questions require LLMs to accurately interpret the given context,
determine factual correctness, and provide a clear affirmative or negative response. We
additionally prompt the model to give a reason for their decision to answer yes or no.

• Unanswerable questions require LLMs to recognize when the necessary information is
absent from the given context and confidently refrain from generating an incorrect or
speculative answer. We can test whether the model is prone to hallucinations when no
relevant information is available.

We generated these questions with GPT-4o-mini, which prompted us to craft a question
based on an excerpt from the book and the corresponding answer, which serves as the ground
truth reference. For additional context, we provide GPT-4o-mini with the reference summary
of the book, which helps it to phrase better-informed questions that relate to the key features
of the text.

The positional analysis for this metric hinges on the location within the book from which
the information required to answer each question is derived. We divide each document into
three sections: the beginning, middle, and end. We devise questions of the four types for each
document split. This approach allows us to examine for which position question position the
model performs best.

5.9 User Interface

To ensure a seamless interaction with our evaluation pipeline, we develop a user interface that
connects to a remote machine—specifically, the LRZ cluster—and enables the metrics to be
run on custom models and different datasets downloaded from Hugging Face. The modular
design of the UI allows users to specify individual experimental setups. Additionally, the user
can compare their models’ results to those from experiments we conducted on four different
LLMs.

5.9.1 Data Visualization

We provide graphs for visually comparing model performances for each of our evaluation
metrics.
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Figure 5.4: Displays the Configuration fields of our demo app for our evaluation tool, where
we can compare the model parameters and the performance.

Figure 5.5: The visualization tool provides an easy way to compare different models, experi-
ments, and datasets. This figure displays how our UI allows users to configure
custom models and visualize and compare their results.
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5.10 Model Selection

For a comprehensive analysis, we test three open-source models and one proprietary model as
reference performance. In order to examine the impact of different context window extension
techniques on the model’s performance, we select our models so that each represents a
different extension technique. In order to have comparable results, all models are of the same
size, ranging between 7 and 8B parameters, and have the maximum context window size of
128000 tokens. In the following sections, we offer a detailed description of the chosen models.

• Cohere Command-R7B [63], the only proprietary model in our comparison is a very new
language model, featuring a hybrid attention mechanism combining sliding window
attention and a global attention layer without positional embeddings, allowing efficient
local and long-range context modeling. The model uses RoPE for relative positional
encoding in sliding window layers. It undergoes supervised fine-tuning and preference
training to align with human preferences.

• LLaMA-3.1-8B [27] is a widely used open-source model that employs Grouped-Query
Attention (GQA). For handling token positions, the model implements an iteration of
RoPE that increases the base RoPE parameter from 10,000 to 50,000, which performs
better for extended context window sizes. The training process of LLaMA-3.1 8B utilized
diverse, high-quality datasets for pre-training and instruction-following tasks.

• Qwen2.5-7B [28] features advanced attention mechanism, positional encoding, and
training procedures. Qwen2.5 implements Grouped-Query Attention (GQA), which
optimizes key-value (KV) cache usage during inference. The model uses YaRN to
extrapolate from its pre-trained context window.

• Phi-3-small [64] implements LongRoPE for positional encoding, which enables the
model to extrapolate its pre-trained context window.
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This chapter will present the results from our evaluation pipeline, which includes four
models of equal size, as chosen in section 5.10, and three datasets. We examined the model
performances using prompt sizes of up to 128,000 tokens.

6.1 Positional Information Analysis

As outlined in chapter 5.6, we investigate where each model sources the information it incor-
porates into its summary of the book. For this purpose, we traced the informational origin of
each summary sentence back to the book’s most similar paragraph. For the evaluation, we
split the input book that is to be summarized by the model into three parts. We count the
number of sentences placed within each prompt split and calculate its percentage relative
to all summary sentences. This way, we can determine which parts of the context window
the models attend to most. We want to see whether the models can distribute their attention
evenly over the whole context window or if they observe positional biases, focusing on
the beginning, the middle, or the end and leaving out information from other parts of the
prompt. As described in chapter 4, we assume that salient information is evenly distributed
throughout the entire length of each document in our dataset collection; we, therefore, define
the performance of an ideal summary as one that incorporates information from all sections of
the document. To see whether the positional distribution changes with the length of the book,
we gradually increase the number of input tokens up to 128k tokens, resulting in a total of 13
summaries for each dataset entry. We evaluate results for all three datasets, InfiniteBench,
BookSum, and XSum.

The following subsections will provide a detailed analysis of the results for each model. To
highlight positional dependencies, we evaluate performance across the beginning, middle,
and ending sections of each document separately. We look at the relative contribution of
each part to the total number of sentences in the summary of the model. Additionally, we
compare these proportions along the increasing context window. This involves evaluating the
distributions of summaries generated in the initial six prompt steps, which cover 10k to 60k
tokens against those from later steps, spanning 70k to 128k tokens. This approach enables us
to identify potential shifts in positional distributions as context length increases.

6.1.1 Command-R7B

Command-R7B has the worst performance of all models in the last third of the context
window over all datasets. On average, only 6.8% of all sentences of the model summary
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retrieve information from the ending section of the book. For InfiniteBench and BookSum,
Command-R7B evenly distributes its attention over the first two prompt thirds, with, on
average, 46% of all sentences tracing back to these parts. The attention distribution of XSum
is much more skewed toward the starting section, with 77.1% of all sentences than the other
two datasets. This extreme value constitutes an outlier with nearly 10 percentage points
more than the subsequent most populated third over all datasets and models. Increasing
the context window size significantly changes the positional distribution over the length of
the prompt. The first book part shows an increase of 38.6%, while the second and last parts
decrease by 39.3% and 36.5%, respectively. We conclude that Command-R7B faces challenges
retrieving information from later parts of the document if the context window increases to
128k.

Model
InfiniteBench BookSum XSum

1st 2nd 3rd 1st 2nd 3rd 1st 2nd 3rd

CommandR7B
44.3 46.4 9.3 52.2 42.2 5.6 82.0 10.0 8.00
45.35 -31.27 -6.46 50.64 -36.97 -30.86 19.79 -49.67 -72.23

LLaMA-3.1
20.4 64.5 15.1 21.9 70.7 7.4 39.6 47.8 12.6

-39.09 29.42 -32.8 10.32 13.08 -80.24 -55.69 110.43 -7.39

Phi-3
27.5 61.5 11.0 26.9 68.2 4.9 56.4 31.7 11.9
-22.3 11.44 0.79 -27.29 11.41 43.37 -24.01 141.47 -51.85

Qwen2.5
17.5 58.9 23.6 21.6 57.5 20.9 26.2 37.1 36.7
3.02 -15.41 49.05 -40.16 -1.8 74.61 -91.59 14.6 271.31

Table 6.1: The first three values for each model represent the percentage of located positions of
all positions in each third of the context window size. The second row of numbers
shows the percentage differences between the first half of the 13 summaries, which
are derived from the context windows from 10k to 60k tokens, and the second half
(70k-130k). We calculate this difference for all three parts of the context window.
Since we desire an even distribution, extreme values represent negative performance
indicators.

6.1.2 LLaMA 3.1

The positional distribution of LLaMA 3.1 is centered around the second third of the prompt
for each data set. An average of 62.9% of all summary sentences originate from the middle
section of the book, which is the highest value of all models in this section. Consequently,
LLaMA 3.1 neglects the information at the beginning and end of the prompt to a greater
extent. The starting third contributes 24.8% of all the information in the summary, which
is a comparatively good value. However, the third end contributes only 12.3%, indicating
that LLaMA 3.1 has the most difficulty with the late parts of the context window. Increasing
the prompt length from 10k to 128k tokens changes the distribution over the prompt thirds.
The overall evolution of the distribution tends toward the first third of the prompt, which
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observes an increase of 51%. At the same time, the ending part suffers the most significant
loss of 40.1%.

6.1.3 Qwen2.5-7B

The performance in the last sector of Qwen2.5 is overall the best compared to the other models.
Qwen2.5 is able to retrieve, on average, 30.1% from the last third, with an outlier of 44.9%
for XSum. The worst performing sector, with 19.3% on average, is the first third, suggesting
that the model has a slight recency bias toward later positions in the context window. As
with all other models, the middle sector is the most performant overall. As the number of
input tokens gradually rises from 10k to 128k tokens, we notice a stark trend toward the last
part of the context. It grows by 61.8% for BookSum and InfiniteBench and by a substantial
271.31% for XSum. We observe a coinciding loss of attention, particularly in the first part of
the context window, of which the proportion decreases by 42.9%.

6.1.4 Phi-3-small-7B

Similarly to LLaMA 3.1, Phi-3-small extracts its summary information primarily from the
early positions of the prompt. The first two sections share most of the sentence positions.
The summaries for InfiniteBench and BookSum allocate only 8.5% to the first section while
assigning 26.35% and 65.15% to the first and second sections, respectively. Likewise, for
XSum, Phi-3 neglects the last section but distributes more evenly over the first two sections.
The evolution of the distribution over the context window extension to up to 128k tokens
shows an influx of 11.4% for InfiniteBench and BookSum and a significant increase of 141.5%
for XSum. This has the consequence that the two outer parts of the context window receive
increasingly less attention from Phi-3.

6.1.5 Overall Performance Trends

We conclude that all tested models deviate from an ideal informational distribution and
observe recency or primacy biases. All models, except Qwen2.5, tend to favor earlier positions,
with a strong preference for the middle and, to a lesser extent, the first section of the context
window. LLaMA-3.1 centers around the middle section the most, and consequently neglects
earlier and later parts of the context window. Qwen2.5 shows the most significant emphasis
on later text positions. Phi-3, much like LLaMA-3.1, focuses its attention on the middle
section; however, it is better able to also incorporate information from the other two parts.

6.2 Atomic Facts

The second evaluation stage of our benchmark tests whether the models can extract accurate
information from all parts of its context window, depending on the prompt size. As for the
other task, we gradually increase the context window size from 10k to 128k tokens and extract
atomic facts from each summary sentence. This inference procedure results in 13 summaries.
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(a) (b)

(c) (d)

Figure 6.1: Displays the average density curves of the distribution of the retrieved information
over the lengths of the documents. The three curves in each graph show the
distribution over all prompt parts, parts from 10k to 60k, and parts from 70k
to 128k. The data is averaged over prompt steps and normalized to a uniform
scale. (a) The distribution of Command-R7B for InfiniteBench is relatively evenly
spread across the context window. (b) The distribution of LLaMA-3.1 is mainly
centered around the middle parts while slightly being shifted to early positions in
the context window. LLaMA-3.1 observes no significant trend along increasing
context window sizes. (c) Qwen2.5 displays the most skew to later positions. Its
two additional curves display a further trend in this direction. (d) Much like
LLaMA-3.1, the distribution of Phi-3 is centered around the middle; however,
it slightly spreads out more to the beginning and ending parts of the context
window.
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We iterate through all these summaries, starting with the summary derived from the first 10
thousand tokens of the book and compare it with the subsequent summary derived from
20k tokens. With a step size of 10k tokens, we go through each pair of prompt steps until
we reach the last context window of 128k tokens. For each pair of summaries, we classify
the identified facts as matching, new, and lost facts compared to the following summary in
line. We will refer to each step in this iteration as a prompt step. As in the previous metric,
we split the prompt into a beginning, middle, and ending section to granularly distinguish
the model performance depending on the position in the context window. For each fact we
extract from the summary, we determine its informational origin inside the book from the
summary sentence-to-prompt mapping established by the first metric. Given this positional
information, we can evaluate whether the model can attend to the newly provided context
window and whether it can retain early information and equal attention over the entire length
of the context window. We base these performance indicators on the following criteria:

• If the model can attend to all parts of its context window, the matching facts are evenly
distributed over the whole context window.

• The model can retain early information if we detect only a few lost facts at the beginning
of the context window.

• The model can extract information from newly added context if we extract new facts
from later positions inside the prompt.

The expected number of each fact type is proportional to the increase in prompt size at
each iteration step of the evaluation. We can assume this proportionality in our datasets since
they observe a high uniformity score, which signifies an even distribution of information over
the entire length of the dataset entry. Hence, adding context to the prompt would yield new
information proportionally to the relative extension amount.

Based on our assumption, the amount of additional information that is provided by ex-
tending the context window with each step by a constant number of additional tokens
proportionally diminishes with larger context window sizes. In the first iteration step, from
10k to 20k tokens, we provide the model with 200% more tokens; this gradually decreases
to only 6% additional information in the last step from 120k to 128k. As the number of
extractable new information decreases with each step, the number of matching facts, that is,
the facts that are retained from one step to the other, should ideally increase with the same
amount. At the same time, the number of lost facts should decrease since the proportion of
information the model has encountered before increases. However, due to the abundance of
information contained in the book, the scale of the context window, and the limited length
of the summary, we focus on the change of distribution of the different fact types over the
starting, middle, and ending parts of the book.
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Figure 6.2: The figure shows the distribution of fact types across the starting, middle, ending,
and new sections of the 10k tokens that are gradually added to the prompt in each
iteration for Command-R7B. The results are from the InfiniteBench dataset. In
the first section, we only have a few lost and new facts and a high and constant
amount of matching facts. The second sector sees the most new facts. In the third
sector, the model extracts very few new facts, which decreases even more in the
added section, which provides the model with unseen information and should see
a lot of new facts.

Caveats

As outlined in section 5.7.1, we evaluate each fact using two different scoring methods. The
first method compares extracted facts to those from the reference summary. The second
assesses accuracy by measuring the similarity between the candidate facts and those extracted
from the corresponding paragraph in the book. However, we recognize that the second
approach is relatively ineffective, as the maximum similarity scores remain low, with an
average cosine similarity of just 0.45. Therefore, we focus solely on fact accuracies derived
from the first method.

6.2.1 Command-R7B

The iteration steps up to 70,000 tokens from InfiniteBench, Command-R7B see a gradual in-
crease in matching facts from 66.6% to 78.6%. This trend correlates with the ideal performance
of gradually retaining more and more information as we increase the context window size.
The distribution of matching facts over the three-thirds of the context window is relatively
even. This trend coincides with a low fraction of lost facts, accounting for only 0.8% of all
facts; this indicates that the model retains information relatively well, up to 70,000. However,
after this threshold of 70k tokens, the percentage of matching facts decreases to an average of
49.8% of all facts, most significantly losing traction in the last third of the context window,
where we observe 10% more lost facts than in the previous iteration steps. This gap is mainly
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filled by new facts, which see an increase of 8 percentage points. This indicates that the model
loses track of previously extracted information and substitutes it with new information it
finds primarily extracted from the middle section of the context window. The fraction of new
facts originating from the last section of the context window is only 11.05%, meaning that the
model cannot extract much new information from the additional context window for each
iteration step. The results of BookSum and XSum reveal similar trends.

6.2.2 LLaMA 3.1

The performance of LLaMA 3.1 is more volatile than the performance of Command-R7B. The
model retains facts from one iteration step to the other relatively badly, this is highlighted by
the low overall percentage of matching facts of 45.0% compared to 58.9% of Command-R7B.
Particularly in the second and third part of the context window LLaMA 3.1 has a small
proportion of matching facts, coinciding with a high number of new facts. LLaMA 3.1 extracts
new information comparatively well from later parts of the context window. The number
of new facts steadily increases with the length of the context window. The model output is
relatively in early parts, and keeps changing things in later parts.

The BookSum results exhibit similar performance trends to InfiniteBench regarding match-
ing, new, and lost facts within the first two prompt sections. We observe a gradual increase in
the matching fact ratio, rising from 51% at a context window of 10k tokens to 67% at 128k
tokens, along with a decrease in lost facts by approximately 6 percentage points. However,
performance in the section with the newly added 10k tokens at the end of the context window
is stronger, as the model extracts a relatively high proportion of new facts from this segment.
Fact accuracy, measured by similarity to the facts in the reference summary, is highest in the
first part of the context window, with an average cosine similarity of 0.62. In contrast, the
average fact accuracy in the remaining two-thirds of the context window declines slightly by
0.05 in cosine similarity. This suggests that the model retrieves early information with slightly
higher factual accuracy than information from later positions in the context window.

6.2.3 Qwen2.5-7B

Qwen2.5 shows a low rate of fact retention, with only 30.3% of all extracted facts being
encountered by previous prompt steps and classified as matching facts. The progression to
larger context window sizes leads to a decreased proportion of matching facts and a increase
in the number of new facts. Qwen2.5 predominantly extracts new facts from the latter sections
of the context window, where they constitute 43.4% of all facts. Moreover, the proportion of
new facts rises by 4.2 percentage points in the second sector and by 6.9 percentage points in
the third sector over the progression from 10k to 128k tokens, indicating a positive perfor-
mance with newly encountered context. The model exhibits similar performance in terms
of fact distribution across BookSum as it does under InfiniteBench. The proportion of new
and lost facts, primarily new facts, increases with their position within the context window
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(a) InfiniteBench (b) BookSum

Figure 6.3: (a) shows the distribution of the facts types across the prompt’s beginning, middle,
and ending sections for LLaMA 3.1 and InfiniteBench. Compared to other models,
LLaMA 3.1 retains relatively few matching facts and extracts more new facts, par-
ticularly from later parts of the prompt. (b) illustrates the trend in the proportions
of matching, new, and lost facts as the prompt expands step by step. Matching
facts account for approximately 50.9% of all facts and see a slight increase. The
number of new facts remain consistently around 30%. Meanwhile, lost facts
gradually decline as the context window increases.

and as the overall size of the prompt expands. From a context window size of 10k to 40k,
the fraction of matching facts remains relatively high at 45.2%. However, this declines to
approximately 28.4% for the remaining prompt steps leading up to 128k and is accompanied
by an increase in lost and new facts to 39.4% and 32.2%, respectively. This trend indicates
that the model’s output becomes increasingly volatile, retaining significantly less information
from previous prompt iterations and losing the majority of previously extracted facts.

6.2.4 Phi-3-small-8B

Phi-3-small has the lowest percentage of matching facts across all sections of its context
window, with matching facts accounting for only 17.3% of all extracted facts across prompt
steps. As the context window expands, the model gradually loses track of existing facts,
particularly in the middle section, where lost facts make up 44% of all facts. At the same
time, Phi-3 increasingly generates new facts from the first and second sections of the context
window. However, it struggles to extract new information from later parts. From the 50k
token mark onward, the model fails to extract new facts from the additional 10k tokens
introduced at each step. As a result, Phi-3-small exhibits the most volatile performance, with
a high proportion of both new and lost facts, meaning that the summaries differ significantly
in each iteration step. Overall, the model prioritizes early positions, retrieves very few new
facts from later sections of the prompt, and retains relatively little information over time.
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(a) InfiniteBench (b) BookSum

Figure 6.4: (a) illustrates how Qwen2.5 processes facts from the InfiniteBench dataset as the
context window expands, showing the changing proportions of matching and
lost facts throughout this progression. The portion of matching facts decreases,
while the portion of new and lost facts increases with a longer context window.
(b) presents three pie charts illustrating the distribution of matching, new, and lost
facts across different prompt steps: 10k–40k, 50k–80k, and 90k–128k. The charts
reveal a significant decline in matching facts, while the proportions of lost and
new facts steadily increase as the context window expands.

Figure 6.5: The figure illustrates the distribution of fact types across the starting, middle,
ending, and new sections, where the new section represents the 10k tokens
incrementally added to the prompt in each iteration for Phi-3-small on the dataset
InfiniteBench. The ratio of matching facts remains relatively low across all three
prompt sections, with most extracted facts being either new or lost. The first row
indicates that, from 50k tokens onward, the model fails to extract new facts from
the additional 10k tokens introduced at each step.
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6.3 Question Answering

The third and final evaluation metric assesses whether the models can focus on a specific
part of the context window to accurately answer questions based on information found in
that location. We evaluate question-answering performance based on the location within
the context window and track the model performance as the context window size gradually
increases from 10k to 128k tokens. As described in Chapter 5.8, we divide the context window
into three sections and generate questions for each section based on a specific paragraph
within that section. The questions cover four distinct types. abtractive, extractive, binary, and
unanswerable questions.

6.3.1 Command-R7B

The question-answering performance of Command-R7B for InfiniteBench is strongly influ-
enced by the position within the context window and its overall length. Questions appearing
in the first section of the context window achieve the highest average accuracy (0.51), followed
by those in the second (0.42) and third sections (0.37), respectively. The bad performance
on binary and extractive questions mainly dampens these low average accuracies. Binary
questions perform the worst of all question types, with accuracies of 0.29, 0.17, and 0.19
across the three sections. Extractive questions show significantly higher performance in the
first section, with scores of 0.58, 0.32, and 0.28, respectively. Abstractive and unanswerable
questions perform significantly better, with average accuracies of 0.63 in the first section, 0.58
in the second, and 0.50 in the third. Notably, the accuracy of all question types is, on average,
the highest in the first prompt section, gradually declining in accuracy for the subsequent part.
This finding shows that Command-R7B can better comprehend information from earlier parts
of the document than from later. A negative trend is also observed as the context window
size increases, with binary questions in the first section experiencing the most notable decline
in accuracy, averaging a -0.036 loss in accuracy. We find that the results from the other two
datasets, BookSum and Xsum, strongly correlate with the findings of InfiniteBench.

6.3.2 LLaMA 3.1

LLaMA 3.1 answers questions from BookSum with relatively consistent accuracy across all
three book sections, with only a slight advantage in the first prompt split (0.64) compared
to the second (0.62) and third (0.61). Abstractive questions achieve notably high accuracy,
scoring 0.73, 0.72, and 0.70 across the sections, with only a slight decline as the context
window expands. The model struggles with extractive questions, answering them with lower
accuracy rates of 0.54, 0.50, and 0.49. The most notable aspect of its performance is that
answer accuracy does not degrade significantly over extending context windows. As with
Command-R7B, we do not find significant performance differences between the other two
datasets.
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Figure 6.6: Graph of the question answering performance of Command-R7B for BookSum
depending on context position and the length of the context window. A negative
trend along the increase of the context window for all parts of the context window
is observable.

6.3.3 Qwen2.5

The performance of Qwen2.5 for IninfiteBench, like LLaMA 3.1, remains stable even with
longer context windows. The model performs strongly on abstractive, binary, and unan-
swerable questions, maintaining consistent accuracy rates around 0.72-0.73 across all prompt
sections regardless of context length. However, it struggles with extractive questions, where
accuracy drops to 0.56, 0.51, and 0.54 for each prompt part, respectively. Accuracy is par-
ticularly low for binary questions in the 10k to 30k token range. This is because the model
provides only yes/no responses without explanations, while the ground truth answers require
supporting reasoning.

6.3.4 Phi-3

Phi-3, like the other models, performs best on abstract questions, with accuracies of 0.7, 0.71,
and 0.67. Unanswerable questions are the second best-performing questions, particularly on
Inifnite, with an average accuracy of 0.75.

6.3.5 Overall Performance Trends

All tested models show comparable performance patterns across the datasets, with some
notable distinctions. LLaMA 3.1 and Qwen2.5 demonstrate the best handling of extended
context windows, showing minimal accuracy degradation as the context length increases. In
contrast, Command-R7B’s accuracy declines substantially across all question types as the
context window expands. A typical pattern among all models is their stronger performance
on questions related to content that appears early in the context window. When comparing
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Model Abstractive Binary Extractive Unanswerable

CommandR7B
0.67/0.59/0.49 0.29/0.17/0.19 0.48/0.32/0.28 0.58/0.57/0.51 (Inf)

0.74/0.66/0.58 0.30/0.23/0.26 0.58/0.32/0.26 0.60/0.62/0.55 (Bk)

0.68/0.56/0.61 0.4/0.27/0.29 0.56/0.41/0.43 0.52/0.4/0.41 (Xs)

LLaMA 3.1
0.72/0.71/0.69 0.56/0.54/0.54 0.49/0.46/0.47 0.65/0.66/0.65 (Inf)

0.73/0.72/0.70 0.60/0.57/0.57 0.54/0.50/0.49 0.68/0.68/0.69 (Bk)

0.73/0.70/0.69 0.55/0.51/0.53 0.60/0.61/0.62 0.58/0.59/0.63 (Xs)

Qwen2.5
0.7/0.71/0.73 0.72/0.71/0.71 0.49/0.45/0.51 0.63/0.64/0.61 (Inf)

0.76/0.75/0.76 0.71/0.75/0.74 0.56/0.51/0.54 0.7/0.68/0.67 (Bk)

0.72/0.72/0.73 0.73/0.75/0.77 0.56/0.58/0.6 0.62/0.65/0.63 (Xs)

Phi-3
0.70/0.71/0.67 0.56/0.45/0.55 0.5/0.44/0.45 0.70/0.70/0.71 (Inf)

0.72/0.71/0.72 0.48/0.56/0.62 0.58/0.48/0.50 0.57/0.69/0.67 (Bk)

0.76/0.73/0.76 0.66/0.66/0.65 0.69/0.66/0.65 0.65/0.60/0.63 (Xs)

Table 6.2: Lists the average cosine similarity of the candidate to reference the answer for each
model, dataset, and question type. Higher scores indicate accurate answers. The
entries in the last column refer to the datasets: Inf=InfinteBench, Bk=BookSum,
Xs=Xsum

question types, abstractive questions consistently yield the highest accuracy scores, followed
by unanswerable and binary questions. Command-R7B diverges from this pattern, showing
particularly weak performance on binary questions compared to the other models. We explain
the overall low accuracy of extractive answers with the nature of our datasets, which are
highly abstractive, and feature little concrete, easily extractable information.
The overall most accurate model, with a score of 0.66 across all datasets and question types,
is Qwen2.5, which is followed by Phi-3 (0.63) and Llama-3.1 (0.61). With a notable distance,
Command-R7B performs the worst overall, with an average accuracy of 0.46.

Caveats

We acknowledge that binary questions pose challenges in evaluation. False negatives occur
when the model provides a correct yes/no answer but omits the reasoning behind its decision,
leading to a lower score despite accuracy. Conversely, the model may receive partial credit
even when answering incorrectly since providing a reason, despite the answer being incorrect,
sometimes scores higher than expected.
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7 Discussion

This chapter reiterates the key findings of our thesis and point out its limitations.

7.1 Key Findings

Our first research question asked—How can we adequately test the quality of text summariza-
tion and question answering produced by LLMs? Does the quality of the generated summary
or answer improve when more content from the article is provided to the model?—To investi-
gate this, we successfully implemented a benchmarking pipeline comprising three metrics
to assess LLMs’ text summarization and question-answering capabilities in a setting of ex-
tremely long context window sizes. For each of the metrics, the evaluation framework tests
how two key factors affect model performance across all metrics: the position of salient
information within the context window and the overall context window size. The first metric
introduced a methodology to determine the information distribution of candidate summaries.
The positional examination provided a comprehensive understanding of how the models
use information differently within the context window. The second metric comprehensively
examines how effectively models extract information across different context window sizes.
It tests how models perform in three key areas: their ability to capture new information
from expanded context windows, any potential loss of information from previously covered
sections, and their capacity to retain critical information from one prompt step to another. This
approach allows us to assess the gains and potential trade-offs extending the context window
of LLMs. The third evaluation metric assesses models’ ability to synthesize information from
source documents. We tested this through four distinct question types: abstractive questions
to evaluate information synthesis and inference capabilities, extractive questions to measure
direct information retrieval, binary questions to assess decision-making based on complex
dependencies, and unanswerable questions to evaluate the models’ ability to recognize when
they cannot provide valid answers, thereby helping identify potential hallucinations. Through
these metrics, we contribute a comprehensive study of the long context window understand-
ing of LLMs.

To address the second research question:What are the most effective techniques for extend-
ing the context window of LLMs?, we first reviewed various existing techniques designed
to extend the context window of LLMs. These techniques included efficient transformer
modifications at the memory and computational level, adapted attention mechanisms, and
positional encoding modifications. We concluded this review by selecting three modern
LLMs, each adopting a different context window extension technique—RoPE, YaRN, and
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LongRoPE. We tested these models with our evaluation pipeline to determine if there were
performance variations based on the different methods. We arrived at the conclusion that all
tested models, and by extension, all techniques, observe some challenges and only marginal
performance differences between each other in our setting of extremely long context window
sizes. Regarding the context window extension techniques, LLaMA 3.1 can be viewed as
the baseline model for Qwen2.5 and Phi-3 as it uses RoPE, the foundational technique for
the subsequent iterations, YaRN, and LongRoPE, which the other two models use. As such,
LLaMA 3.1 is an interesting indicator of the success of YaRN and LongRoPE. However, our
evaluation results suggest that the models perform relatively equally across all extension
techniques, with no clear standout. Interestingly, the only closed-source model exhibited the
weakest overall performance.

Finally, we explored the third research question— How do LLMs utilize the information
within their context window during text summarization and question-answering tasks? Can
LLMs distribute their attention uniformly across the entire document, or is their attention
clustered towards specific sections?—The results of our evaluation pipeline lead us to the
following conclusions. Using attention visualization techniques and performance analysis,
we observed that all tested models do not distribute their attention uniformly across an entire
document. Instead, their attention tends to concentrate on specific sections. For instance,
Command-R7B primarily focused on the introduction, LLaMA-3.1 and Phi-3 showed the
strongest attention to the middle section, and Qwen2.5 directed the most focus toward the
ending sections of the prompt. Secondly, in our methodology for atomic facts extraction and
comparison, we observed that as the context window size gradually extends, the models
struggle to retrieve new information from certain sections, lose track of details from others,
and fail to retain the expected amount of information, particularly at the beginning or end of
a document. The question-answering metric could determine the accuracy of the questions
significantly depending on the position of the question and the context window size.

7.2 Limitations

For our first research question, we examined four models using different approaches to
extend their context windows to determine the most potent performing technique. However,
this comparison is inherently flawed since the models differ in many more aspects of their
architecture and training than merely in their context window extension technique. This
makes it difficult to isolate the specific impact of the context extension techniques on the
model’s performance. The only accurate baseline for comparison is the standard transformer
architecture. Future iterations of our experiments should employ different versions of a single
LLM, that are trained or fine-tuned on different context window extension techniques, in
order to facilitate a direct comparison.
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8 Conclusion and Outlook

This thesis encompassed an in-depth exploration of how contemporary LLMs adapt to
extended context window sizes and a comprehensive evaluation pipeline, testing LLMs on
test summarization and question-answering tasks, specifically emphasizing long-context
capabilities. We drew the relevancy of our approach from the increasing importance of
long-document inference in the digital age, where the rapid growth of textual data challenges
LLMs to process more and more information, and emphasized the necessity of evaluating the
performance of LLMs in such settings. After reviewing a suite of different approaches for
benchmarking LLMs on text summarization and question-answering tasks, we concluded that
most of the benchmarks only tested for a limited context length and contributing a custom
evaluation tool would provide tremendous value to more adequately test for context window
sizes of up to 128,000 tokens. Our evaluation resulted in a comprehensive understanding
of how different LLMs use their context window differently, depending on the position of
salient information within it, and the length of it. In order to make these evaluation data more
accessible, we then expanded our pipeline for graph visualization and better user interaction
through our demo app.

Going forward with our findings, we identify potential directions for future research.
Firstly, the evaluation can be expanded to include more models to give a more holistic
performance analysis of the landscape of countless LLMs. This expansion would allow
for the identification of differences between open -and closed-source models, for example.
Additionally, as discussed in the Limitations, our evaluation pipeline could be used to examine
the performance differences of altercations of one model that only vary in one aspect of the
model architecture, like their context window extension technique, to identify the impact of
that particular modification the overall performance.
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List of Figures

4.1 (Left) The illustration, taken from [58] of the salient unigram distribution of
different datasets, measures how well relevant information is distributed across
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5.2 This figure illustrates the question-answering component of the pipeline. We
split each book into three parts; for each part, we generate question-answer
pairs using GPT-4o-mini of four question types. The candidate model is then
prompted to respond to these questions, and the similarity between its answers
and the generated references is measured. The results are then visualized. . . 23

5.3 Illustrates the two different approaches for prompting the extractor LLMs GPT-
4o-mini. On the right, we have an example of the original prompt template
from FActScore featuring a sentence from a biography containing factual
information. On the left, we have an example from our prompt template, a
more abstract sentence requiring more nuanced information extraction. . . . . 26

5.4 Displays the Configuration fields of our demo app for our evaluation tool,
where we can compare the model parameters and the performance. . . . . . . 29

5.5 The visualization tool provides an easy way to compare different models,
experiments, and datasets. This figure displays how our UI allows users to
configure custom models and visualize and compare their results. . . . . . . . 29
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List of Figures

6.1 Displays the average density curves of the distribution of the retrieved infor-
mation over the lengths of the documents. The three curves in each graph
show the distribution over all prompt parts, parts from 10k to 60k, and parts
from 70k to 128k. The data is averaged over prompt steps and normalized
to a uniform scale. (a) The distribution of Command-R7B for InfiniteBench
is relatively evenly spread across the context window. (b) The distribution of
LLaMA-3.1 is mainly centered around the middle parts while slightly being
shifted to early positions in the context window. LLaMA-3.1 observes no sig-
nificant trend along increasing context window sizes. (c) Qwen2.5 displays the
most skew to later positions. Its two additional curves display a further trend
in this direction. (d) Much like LLaMA-3.1, the distribution of Phi-3 is centered
around the middle; however, it slightly spreads out more to the beginning and
ending parts of the context window. . . . . . . . . . . . . . . . . . . . . . . . . . 34

6.2 The figure shows the distribution of fact types across the starting, middle, end-
ing, and new sections of the 10k tokens that are gradually added to the prompt
in each iteration for Command-R7B. The results are from the InfiniteBench
dataset. In the first section, we only have a few lost and new facts and a
high and constant amount of matching facts. The second sector sees the most
new facts. In the third sector, the model extracts very few new facts, which
decreases even more in the added section, which provides the model with
unseen information and should see a lot of new facts. . . . . . . . . . . . . . . . 36

6.3 (a) shows the distribution of the facts types across the prompt’s beginning,
middle, and ending sections for LLaMA 3.1 and InfiniteBench. Compared to
other models, LLaMA 3.1 retains relatively few matching facts and extracts
more new facts, particularly from later parts of the prompt. (b) illustrates the
trend in the proportions of matching, new, and lost facts as the prompt expands
step by step. Matching facts account for approximately 50.9% of all facts and
see a slight increase. The number of new facts remain consistently around 30%.
Meanwhile, lost facts gradually decline as the context window increases. . . . 38

6.4 (a) illustrates how Qwen2.5 processes facts from the InfiniteBench dataset as the
context window expands, showing the changing proportions of matching and
lost facts throughout this progression. The portion of matching facts decreases,
while the portion of new and lost facts increases with a longer context window.
(b) presents three pie charts illustrating the distribution of matching, new, and
lost facts across different prompt steps: 10k–40k, 50k–80k, and 90k–128k. The
charts reveal a significant decline in matching facts, while the proportions of
lost and new facts steadily increase as the context window expands. . . . . . . 39
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ending, and new sections, where the new section represents the 10k tokens
incrementally added to the prompt in each iteration for Phi-3-small on the
dataset InfiniteBench. The ratio of matching facts remains relatively low across
all three prompt sections, with most extracted facts being either new or lost.
The first row indicates that, from 50k tokens onward, the model fails to extract
new facts from the additional 10k tokens introduced at each step. . . . . . . . . 39

6.6 Graph of the question answering performance of Command-R7B for BookSum
depending on context position and the length of the context window. A
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