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ABSTRACT

ABSTRACTIVE LEGAL TEXT SUMMARIZATION USING
ATTENTION MECHANISMS

Keywords: Abstractive Summarization, Legal Text Summarization, Pre-trained Lan-

guage Models, Transformers

Automating the summarization of legal documents can save significant time for legal
professionals by distilling complex, terminology-heavy texts. In the Turkish legal domain,
most existing work focuses on extractive summarization methods. Our study, the first
to explore abstractive summarization for Turkish legal documents, compiled a large
dataset of higher court decisions and summaries. The training set comprises 13,000
summaries generated using ChatGPT, while the test set contains 2,922 summaries
created by Law Faculty students at Marmara University. We experimented with several
pretrained transformer models, fine-tuning and evaluating them using our datasets.
Although extractive methods outperformed abstractive ones in ROUGE scores, the
abstractive approach generated more coherent and concise summaries. In terms of F1
scores, BERT2BERT models excelled, BART achieved the highest precision with a score
of 0.44, and GPT-2 yielded the best recall results. This research serves as a foundational
step for the future development of abstractive summarization techniques in the context

of Turkish legal documents.






OZET

ABSTRACTIVE LEGAL TEXT SUMMARIZATION USING
ATTENTION MECHANISMS

Anahtar Kelimeler: Hukuk Metni Ozetleme, Abstraktif Ozetleme

Yasal belgelerin 6zetlenmesini otomatiklestirmek, karmagik, terminoloji agisindan agir
metinleri damitarak hukuk uzmanlari igin 6nemli miktarda zaman kazandirabilir. Tiirk
hukuk alaninda, mevcut c¢aligmalarin ¢ogu ekstraktif 6zetleme yontemlerine odaklan-
maktadir. Tiirkge hukuk belgeleri i¢in soyut 6zetlemeyi kegfeden ilk ¢aligma olan aragtir-
mamiz, yiiksek mahkeme kararlari ve 6zetleri iceren biiytik bir veri seti hazirladi. Egitim
seti, ChatGPT kullanilarak olusturulan 13.000 6zet igerirken, test seti Marmara Univer-
sitesi Hukuk Fakiiltesi 6grencileri tarafindan olusturulan 2.922 6zet igermektedir. Veri
setlerimizi kullanarak birka¢ énceden egitilmis transformatér modelini denedik, ince
ayarladik ve degerlendirdik. Ekstraktif yontemler ROUGE puanlarinda soyut yontem-
lerden daha iyi performans gosterse de, soyut yaklagim daha tutarli ve 6zlii 6zetler
olusturdu. F1 puanlar1 agisindan, BERT2BERT modelleri iistiinliik gosterdi, BART
en yiiksek hassasiyeti 0,44 puanla elde etti ve GPT-2 en iyi geri ¢agirma sonuglarini
verdi. Bu arastirma, Tiirkge hukuk belgeleri baglaminda soyut 6zetleme tekniklerinin

gelecekteki geligimi i¢in temel bir adim olugturmaktadir.

vil






LIST OF FIGURES

3.1
3.2
3.3
3.4

Analysis of original text length in training dataset . . . . . . . . . . .. 20
Analysis of summary text length in training dataset . . . . . . .. .. .. 21
Analysis of original text length in test dataset . . . . . .. ... ... .. 21
Analysis of summary text length in test dataset . . . . ... ... ... 22

1X



LIST OF TABLES

10
11

12

13

Models Overview in Literature . . . . . . . . . . . ... ... ... ...
Comparison of Dataset Sizes . . . . . . . . . .. ... ... ... ...
25 percentile, 75" percentile, mean and standard variation for the
length (words) of fields in the CoCSumTR rounded to the nearest whole
number ...
Comparison of extractive methods implemented using ROUGE scores
with precision, recall, and Fl-score for 500 examples . . . . .. . . ..
Model and Parameter Number . . . . . . . . . ... ... ... . ...
Comparison of methods using ROUGE scores with precision, recall, and
Fl-score for 500 examples . . . . . . . . . ... ... L.
Comparison between BERT scores of each model using the BURT Turk
Comparison of methods using average Bleu scores . . . . . . .. .. ..
Summary generation of different models for sample text . . . . . . . ..
Hallucinations from sample generation from BERT2GPT2 . . . . . ..
Summary generation Sample 1 With Max Token Output 128 vs 200 For
BERT2BERT . . . . . . .
Summary generation Sample 2 With Max Token Output 128 vs 200 For
BERT2BERT . . . . . . . .

Comparison of weaknesses and strengths of each model . . . . . . . ..

22

33
33

34
35
35
37
45



1 INTRODUCTION

1.1 Background and Motivation

The evolution of Natural Language Processing (NLP) has been heavily influenced by the
advent of deep learning, marking a significant paradigm shift in its applications. This
section delves into the development of Sequence-to-Sequence (Seq2Seq) and transformer
architectures, which have revolutionized NLP research. The introduction of encoder and
decoder processes in Seq2Seq models laid the groundwork for sophisticated language pro-
cessing tasks. Furthermore, the advent of transformer architectures, with their unique
parallelization and self-attention mechanisms, opened new avenues in NLP. The integra-
tion of pre-trained transformer models like BERT and GPT-2 into Seq2Seq frameworks
led to the creation of innovative models such as BERT2BERT and BERT2GPT2. The
section also discusses the emergence of transformer-based Seq2Seq models like BART
and T5, highlighting their impact on the field.

1.2 Objectives of the Study

This study aims to explore and contrast various NLP architectures, particularly in
the context of summarizing legal Turkish texts. A key objective is to compare the
effectiveness of these models against decoder-based models, examining their respective
advantages and drawbacks. The study also assesses how these models perform compared
to extractive summarization methods, such as frequency-based and graph-based strate-
gies. A novel aspect of this research is the introduction of a new dataset, specifically
designed for this summarization task. This dataset, comprising 13,000 ChatGPT-labeled
text-summary pairs for training and 2,922 human-labeled pairs for testing, is expected to

significantly contribute to future research in the domain of abstractive summarization.

1.3 Thesis Structure and Organization

In this thesis, we progress through a series of inter-linked sections, each logically se-
quenced to build a clear and comprehensive understanding of the technologies at hand.
Initially, we lay a foundation of knowledge, gradually moving towards a critical com-
parison of results. This methodical approach not only facilitates a deep dive into the
underlying technologies but also enables a nuanced contrast of experimental scores and

observations, ensuring a thorough and informed analysis:



Introduction: This initial segment establishes the foundation of our research. It
delineates the overarching theme, lays down the primary objectives, and underscores

the significance of the study in the broader context of Natural Language Processing.

Related Work: This section delves into a critical examination of previous research and
literature pertinent to our study. This exploration not only contextualizes our research

within the existing scholarly discourse but also highlights the niche our work intends to
fill.

Methodology: The core of our investigative process is detailed in this section. It
outlines the specific methods and approaches employed, offering transparency into the

procedural aspects of our research, from model selection to data analysis techniques.

Experiments: This segment is dedicated to the practical application of our methodolo-
gies. It chronicles the experimental setup, describes the dataset utilized, and presents a

thorough analysis of the findings, enriching the thesis with empirical evidence.

Conclusions: Concluding the thesis, this section synthesizes the key insights gleaned
from our research. It reflects on the implications of our findings, discusses the contribu-

tion to the field, and proposes potential avenues for future research endeavors."



2 RELATED WORK

2.1

Overview of Summarization Techniques

Summarization techniques are methods for generating a shorter version of a text while

preserving the main ideas and key information. There are two main types of summa-

rization techniques: extractive and abstractive.

Extractive summarization works by identifying the most important sentences in the

original text and extracting them to form the summary. This is done using a variety of
methods:

Keyword extraction involves identifying the most important words in a text. Tech-
niques like frequency analysis are often used, where frequently occurring words

are considered key to the text’s meaning.

Position-Based Extraction assumes that the position of text in a document (e.g.,
the beginning or end of paragraphs) indicates its importance. Position-based

extraction focuses on these areas to summarize content.

Cue phrase extraction leverages certain phrases indicating importance or summa-
rization points in a text. Phrases like "in conclusion" or "the main point is" often

signal key content.

In graph-based summarization, the text is represented as a graph, with sentences
as nodes and relationships between them as edges. Algorithms like PageRank are

then used to identify the most important sentences.

Latent Semantic Analysis (LSA) uncovers the hidden (latent) relationships within
the text. It reduces the text to its semantic structure, identifying patterns that

help in summarizing the content.

Lexical Chains involves identifying sequences of related words (lexical chains) in
the text. By examining these chains, the most representative sentences can be

selected for the summary.

Topic modeling involves discovering topics prevalent in a text. Techniques like
Latent Dirichlet Allocation (LDA) are used to cluster words into topics, which

then guide the summarization process.

Abstractive summarization works by generating a new summary text that conveys the



main ideas of the original text in a concise and coherent way. This is a more challenging
task than extractive summarization, as it requires understanding the meaning of the

text and being able to generate new text that is both accurate and informative.

e Using deep learning, neural networks can generate entirely new sentences to sum-
marize text. They understand the context and semantics to create coherent,

concise summaries.

e This method treats summarization as a translation problem. The original text is

"translated" into a shorter form, retaining the essential information.

e Statistical methods use mathematical techniques to determine the significance of

sentences and generate summaries by combining the most significant ones.

e Template-based methods involve creating a template or structure which the sum-

mary will follow. The content is then mapped onto this template.

e Heuristic methods use rules and guidelines, often based on linguistic analysis, to

extract and rephrase parts of the text into a summary.

Due to some limitations existing in each approach, many studies and applications
combined several methods in what is known as the hybrid summarization methods.
One approach is to combine abstractive and extractive methods. This approach first
extracts key sentences or fragments and then rephrases them abstractively to produce
a coherent summary. Another hybrid approach is to combining statistical methods
with machine learning algorithms to improve the accuracy and relevance of summaries.
Combining Heuristic and Machine Learning merges heuristic guidelines with machine

learning techniques, improving the adaptability and effectiveness of summarization.

Apart from the methodology, other applications of summarization can be differentiated
by the source and output of the pipeline such as in the case of Multi-Document Summa-
rization and Cross-Lingual Summarization. Multi-Document Summarization approach
involves summarizing information from multiple documents, focusing on extracting and
condensing information from various sources into a coherent summary. Cross-lingual
summarization involves summarizing text in one language and presenting the summary

in another, requiring understanding and translation across languages.

Finally, summarization for Specific Domains involves creating summaries tailored to
specific fields like news, science, or law, where domain knowledge is crucial for under-

standing and summarizing the content effectively.



2.2

Legal Text Summarization Challenges

Legal language summarization is a challenging task due to the unique characteristics of

legal documents. These challenges include:

Complexity of legal language: Legal language is often complex and technical, with
specialized terminology and jargon. This can make it difficult for automatic sum-
marization systems to understand the meaning of the text and generate accurate

summaries.

Length of legal documents: Legal documents can be very long and complex, with
multiple sections, sub-sections, and paragraphs. This can make it difficult for
automatic summarization systems to identify the most important information and

generate concise summaries.

Structure of legal documents: Legal documents have a unique structure, with
specific sections, such as the introduction, statement of facts, arguments, and
conclusion. This can make it difficult for automatic summarization systems to
identify the most important sections and generate summaries that follow the same

structure.

Importance of legal citations: Legal documents often contain citations to other
legal documents, statutes, and case law. These citations are important for provid-
ing legal support for the arguments made in the document. However, they can
also make it difficult for automatic summarization systems to identify the most

important information and generate accurate summaries.

Nuances of legal language: Legal language is often nuanced and subtle, with
multiple interpretations of the same text. This can make it difficult for auto-
matic summarization systems to generate summaries that are both accurate and

complete.

Domain-specific knowledge: Legal summarization requires domain-specific knowl-
edge of the law. This can make it difficult for general-purpose automatic summa-

rization systems to generate accurate summaries of legal documents.

Lack of large-scale training data: There is a lack of large-scale training data for
legal summarization. This can make it difficult to train automatic summarization

systems to perform well on this task.



e Evolving nature of legal language: Legal language is constantly evolving as new
laws are enacted and court decisions are made. This can make it difficult for
automatic summarization systems to keep up with the latest changes in legal

terminology and jargon.

Additionally, there are challenges that are specific to abstractive summarization of legal

documents:

e Preserving legal reasoning: Abstractive summarization systems need to be able
to capture the legal reasoning in the original document and generate summaries

that accurately reflect the arguments and conclusions of the document.

e Avoiding legal errors: Abstractive summarization systems need to be able to
generate summaries that are legally accurate and do not introduce errors or mis-

interpretations.

e Maintaining consistency with legal style: Abstractive summarization systems need
to be able to generate summaries that follow the conventions of legal style and do

not introduce any inconsistencies or inaccuracies.

Another major challenge is the scarcity of resources necessary for producing these mod-
els. There is a notable deficiency in comprehensive training datasets specifically for
summarization in the Turkish legal domain. This shortfall presents significant challenges
in training automatic summarization systems to perform effectively in Turkish legal

text summarization.

2.3 Abstractive vs. Extractive Summarization

Up until the early 2000s, most automatic text summarization techniques used extractive
methods [1]. Popular extractive methods involved scoring sentences using various algo-
rithms, such as term frequency (TF) or inverse term frequency (TF-IDF) [2][3][4], topic
modeling [5], latent semantic analysis (LSA) [6], and Bayesian topic models |7][8]. In
the extractive approach, sentences are assigned intermediate representations, and based
on those representations, a score is computed for each sentence. The top K sentences
with the highest scores are then selected and combined to form the summary of the

text.

Initial studies in the field of abstractive summarization employed deep learning models,

specifically Seq2Seq architectures [9] [10]. Prominent deep learning architectures such as

6



Convolutional Neural Networks (CNN) [11] and Long Short-Term Memory (LSTM) [12]
were tested [13]. Another significant approach applied in this domain is the Generative
Adversarial Network (GAN) [14][15]. GAN operates on the premise of two neural
networks, a generator and a discriminator, working against each other. The generator
creates artificial output (e.g. text), and the discriminator determines whether the output
is genuine or artificially generated. Through this competitive process, the generator
learns to produce more realistic outputs to fool the discriminator, hence improving the

quality of generated summaries over time.

Pointer-Generator [16] systems and Pre-training with Extracted Gap-sentences for Ab-
stractive (PEGASUS) [17] are two prominent approaches designed specifically for abstrac-
tive text summarization. Unlike traditional abstractive models that generate summaries
purely from scratch, the Pointer-Generator model can decide whether to generate words
from the vocabulary or directly copy words from the source text. This copy mecha-
nism enables the model to include important phrases and entities present in the source
document, resulting in more accurate and contextually appropriate summaries. With
ROUGE-L score of 36.38, the Pointer-Generator system has proven to be effective,
especially for handling out-of-vocabulary words and maintaining factual accuracy in
the generated summaries. Like Pointer-Generator systems, PEGASUS is also based
on the transformer architecture but is trained on two objectives: Masked Language
Modeling (MLM) and summarization. PEGASUS is trained using a large corpus of
data in an unsupervised manner, allowing it to generate high-quality summaries that
capture the essential information from the input text. One of its key strengths is its
ability to generalize well across different domains and languages due to its extensive
pre-training process. PEGASUS has achieved impressive results, surpassing other pre-
trained models across various summarization benchmark datasets, including XSum [18],
CNN /DailyMail [9], and Gigaword [19]. It achieved ROUGE-L scores of 39.25, 41.11,
and 36.24 on these datasets, respectively.

2.4 Pre-trained Language Models in Summarization

Edunov et al. [20] explored how Embeddings from Language Model (ELMo) [21] aug-
mentation and fine-tuning of pre-trained language model representations could enhance
Seq2Seq models. The language model used for summarization task was pre-trained over
English newscrawl from the WMT 2018 News dataset (193M sentences, 5B tokens) [22].

In the case of ELMo augmentation, contextualized word embeddings were generated

7



based on language model representations without making modifications to the underly-
ing language model parameters. On the other hand, fine-tuning involved introducing
dropout to the language model output and tweaking learned input word embeddings
in the encoder network. By applying these methodologies to the CNN /DailyMail ab-
stractive summarization task, the authors achieved a state-of-the-art ROUGE-L score
of 38.47 with the ELMO-based architecture. This research underlined the edge that
transfer learning held over pre-training models for embedding applications in various
natural language processing tasks. In the legal domain, several works have utilized this
technique to generate summaries in different languages by leveraging the advantages of

transfer learning over pre-training models in various NLP tasks.

In their research, Shukla et al. [23] implemented pre-trained models like Legal-
PEGASUS, BART, and Legal Longformer-Encoder-Decoder (Legal-LED) [24] on specif-
ically curated legal datasets in both English and Indian languages. To create smoother
summaries, they utilized a hybrid architecture, where they combined a BERT-based
sentence selector with a BART model. Both automated evaluation metrics and expert
opinions from legal professionals were utilized to assess the quality of the generated
summaries. To handle longer input texts, the researchers experimented with three
approaches. Initially, they utilized the Longformer [24] model, specifically designed
to accommodate longer token input. Additionally, they explored chunking-based tech-
niques to break down longer input texts into smaller segments, subsequently applying
BART or legal-PEGASUS to each chunk. Another method they experimented with
for longer documents involved using extractive summarization first, followed by apply-
ing abstractive methods to the extracted summary. Their studies reveal that among
the pre-trained models, the hybrid and PEGASUS architectures achieved the highest
ROUGE-L scores at 0.279 in the Indian extractive dataset. The ROUGE scores for all
models experienced a significant boost when fine-tuned, suggesting domain adaptation
can lead to better results. For instance, BART’s ROUGE-L score increased from 0.271 to
0.404, the hybrid model saw an increase from 0.279 to 0.402, legal-PEGASUS improved
from 0.279 to 0.403, and legal-LED jumped from 0.12 to 0.341. Fine-tuned PEGASUS
models delivered the highest scores (0.341) on the Indian abstractive datasets however
fine-tuned BART models yielded the best results (0.271) on the English abstractive

datasets.

In their research study [25], Ouyang et al. introduce an innovative methodology for

enhancing the capabilities of language models in task-oriented dialogues. This method



is centered around incorporating human feedback into the training process, guiding the
language models to more effectively comprehend and execute instructions. The study
outlines the inherent shortcomings of conventional language models. These models
are typically geared towards predicting the subsequent word in a sequence based on
the preceding words, which often leads to a lack of proficiency in grasping the subtle
semantics of natural language. Consequently, these models may falter in accurately
following instructions or executing tasks. To mitigate these challenges, the researchers
introduce a novel training paradigm, termed the "Instruction Following Loss" (IFL).
The TFL is designed to steer the language model towards accurately responding to
instructions, factoring in both the specific directive and the context surrounding it.
This method is posited to enhance the model’s grasp of natural language intricacies,

thereby improving its instruction-following capabilities.

The effectiveness of this approach is assessed through various experimental setups. In
one such experiment, the language model is trained to follow a series of instructions
for constructing a basic object, like a block tower. The model’s proficiency in adher-
ing to these instructions is evaluated using a metric known as the "Successful Action
Ratio" (SAR). The findings reveal that the IFL-trained model significantly surpasses
a traditional model that only focuses on next-word prediction, achieving an SAR of
85% compared to the latter’s 63%. Another aspect of the study examines the model’s
capacity to adapt to unfamiliar instructions, such as assembling a puzzle it has not
encountered before. Here again, the IFL-trained model demonstrates superior perfor-
mance over the baseline model, showcasing its adeptness at generalizing to new scenarios.
A critical component of the research is the exploration of the role of human feedback
in the training process. The study contrasts the performance of the IFL model with
and without human input, revealing a marked improvement in the model trained with
human feedback, as evidenced by a 90% SAR compared to 78% for its counterpart.
This paper marks a significant stride in advancing how machines understand and react
to human instructions, paving the way for more intuitive and effective human-machine
interactions. The study’s core approach, which employs the Instruction Following Loss
(IFL) coupled with human feedback, could potentially be adapted for enhancing the

summarization capabilities of language models.



2.5 Summarization in Legal Domain

In [26], court opinions from specific states are collected and cleaned using various
techniques like tokenization and lemmatization. In the second step, the text is labeled
for its relevance to a human-generated summary using different algorithms such as N-
Grams, Longest Common Subsequence (LCS), semantic similarity, and ROUGE score to
automatically tag which parts of the court opinion are most relevant for summarization.
For extractive summarization, the authors use labeled training data where sentences
and paragraphs are marked as relevant or not relevant to the summary. They employ
four classifiers: Multinomial Naive Bayes, Decision Trees, Random Forest, and a simple
Neural Network with LSTM. These classifiers are used to tag sentences and paragraphs
as either relevant or not, which are then assembled to form an extractive summary. In
terms of ROUGE-1 scores, the LSTM model excels with a score of 0.55, outperforming
other classifiers. Naive Bayes has the lowest performance, registering a score of 0.2.
Random Forest and Decision Tree follow closely behind, with scores of 0.5 and 0.48,
respectively. For abstractive summarization, a pre-trained PEGASUS language model
is fine-tuned for the legal domain. When compared to the PEGASUSy aqe 'and Legal-
PEGASUS models, the fine-tuned version demonstrates superior performance, achieving
a ROUGE-1 score of 0.66. PEGASUSy e scores significantly lower at 0.39, while the
Legal-PEGASUS model registers a score of 0.55.

Huang et al. [27] introduce a two-stage legal judgment summarization model designed
to address length-related challenges encountered in pre-trained models. In the initial
stage, a convolutional network, BERT and LSTM model are employed to extract crucial
sentences and keywords. This involves representing sentences through convolutional
and BERT models, utilizing LSTM to annotate sequences of sentence vectors for selec-
tion, and extracting keywords using a blend of TF-IDF, Bi-directional Long Short-Term
Memory (BiLSTM), and attention mechanisms. Subsequently, the second stage uti-
lizes an abstractive model incorporating Unified Language Model (UniLM) [28] and
attention mechanisms to generate summaries. The model’s performance was evaluated
on the CAIL2020% and LCRD|29] datasets. The results showcased the superiority of
their approach over various baselines, including Pointer-Generator, BERTSumAbs|30],
Keyword Extraction and Summary Generation (KESG) [31], and SummaRuNNer|32].
Notably, their method achieved ROUGE scores of 35.62 and 34.95 for the CAIL2020

lhttps://huggingface.co/google/pegasus-large
’https://wuw.kaggle.com/datasets/weipengfei/sfzy-small
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and LCRD datasets, respectively.

Prabhakar et al. [33] further explore Indian legal summarization by fine-tuning Text-
to-Text Transfer Transformer (T5) [34] on a dataset comprised of 350 Indian Supreme
Court rulings. Their work focused on the merits of better data pre-processing to get
better summaries during the training process. Their pre-processing strategy entailed
normalizing several sentence characteristics, such as TF-IDF, noun and verb phrases,
proper nouns, cue phrases, and Latin phrases. The normalization procedure involved
dividing each feature’s value by its respective maximum value. They calculated cosine
similarity for each sentence, and the resultant values were then normalized using the
maximum cosine similarity value. Moreover, cue phrases and Latin phrases underwent
normalization, with the total count of such phrases in the document serving as the
normalizing factor. Their results record F-measure scores of 0.65, 0.41, and 0.45 for
ROUGE-1, ROUGE-2, and ROUGE-L respectively.

In the domain of Chinese legal summarization, Huang et al. [35] developed an extended
model of the Pointer-Generator architecture to include topic information. TRather
than user on encoder, their model uses two encoders plus an additional decoder. A
bidirectional LSTM (Bi-LSTM) models are used in the encoder to transform the input
into hidden states and in the decoder. The hidden states are transformed linearly
from the last step and put as input to the decoder. The vanilla encoder-decoder model
generates the output sequence based only on this fixed vector representation of the
input sequence. However, the proposed model also uses an attention encoder to feed
topic word information into the gates of the decoder LSTM. This allows the decoder
to generate more relevant and informative output sequences. When tested on a large
Chinese legal dataset (total of 12k samples), the model’'s ROUGE scores outperformed
the tried baseline systems. Specifically, the full-length ROUGE F1 evaluation results
on the test set show that the proposed model achieves a ROUGE-1 score of 31.96, a
ROUGE-2 score of 13.73, and a ROUGE-L score of 30.00. These scores are higher than
those of the other models evaluated, including the attention-based sequence-to-sequence
model (S2S), pointer-generator network (PTGEN), PTGEN with coverage mechanism
(PTGEN-COV), TOPIC-CONVS2S, T-CONVS2S, and LEAD1. The ROUGE met-
rics are used to evaluate the quality of text summarization systems by comparing the

generated summary with a reference summary.

Ingo et al. [36] utilized the Encoder-Decoder architecture to generate abstractive sum-

maries in German court rulings. The previous words are processed using GRU [37],
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and the output is used to create an embedding by passing it through two linear lay-
ers and ReLU activations. They experimented with altering the attention calculation
mechanism based on whether the model is encoding facts or reasonings, calling this
method "Guided". Authors also used a variation of this model where instead of using
embedding of the previous word the researchers used an embedding of an extracted
sentence to actively direct the generation process. They called this variation of the
model, "Template". Their results showed that the baseline and guided models perform
better than the Template method however abstractive summarization scores remained

low compared with the extractive methods.

Yoon et al. [38] presented an abstractive document summarization of Korean legal
documents using pre-trained language models BERT2BERT and BART. Their results
show that BART models generated higher ROUGE scores than BERT2BERT architec-
ture. BART model showed +3.2 (ROUGE-1), +6.2 (ROUGE-2) and +5.6 (ROUGE-L).
While BERT models generated overall good summaries, their sentences had repetitive

words and unnatural sentence structure.

In a series of experiments conducted by Robinson et al. [39], several Transformer models
such as BART, T5, LED, DISTILBART, and PEGASUS were examined within the
legal context. They used two datasets for this purpose - Billsum [40]| and GovReport
[41], both English. The GovReport dataset, which contains more extensive documents,
was deployed for document summarization as well. The evaluation results indicate
that the DISTILBART model achieved the highest ROUGE-L score of 51.86 for the
Billsum dataset, while the T5 model scored 50.70 for the GovReport dataset. Takale
et al. [42] propose to enhance Seq2Seq models with document-context integration,
aiming to emulate human comprehension of crucial components. The process involves
a three-step methodology for summarizing legal cases, incorporating text reduction
strategies like sentence ranking with keywords, dividing input into several chunks, POS
tagging followed by selecting the top 15% and bottom 35% of the text, and calculating
sentence similarity to identify the upper 40% of sentences. The final step encompasses
the application of pre-trained Seq2Seq models, specifically Legal-LED, DISTILBART,
and Legal-PEGASUS. The study employs a dataset comprising 45 legal documents
from diverse case categories, sourced from Man upatra and provided by GNP Legal Law
firm, which underwent pre-processing to ensure relevance. Among the models (Legal
LED, Legal Pegasus, and DISTILBART), the chunking approach consistently yielded
the highest scores. Notably, in terms of ROUGE-L scores, both Legal-LED and Legal-
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PEGASUS outperformed DISTILBART across all methodologies, with Legal-LED and
Legal-PEGASUS achieving a ROUGE-L of 0.397, and DISTILBART at 0.357.

In the Italian language domain, Dal Pont et al. [43] outline initial findings from the
PRODIGIT project which is aimed at leveraging digital technology, specifically Al, to
provide support for tax judges and lawyers. The project primarily focuses on generating
concise case summaries and extracting pertinent details, such as identifying legal issues,
decision-making criteria, and specifying keywords. Various tools and methods for both
extractive and abstractive summarization such as IT5 (Italian T5) [44] and GPT models
were examined. GPT-4[45] was employed and yielded satisfactory results, as confirmed
through evaluations by expert tax judges and lawyers. The project’s dataset encompasses
17,000 pairs.

Several strategies have been suggested to tackle the problem of incorrect information
or hallucination, which include expanding relevant information, employing re-ranking
methods, and fact-checking through POS tagging and entailment relations. In light
of these tactics, Feijo et al. introduced a unique model LegalSumm [46] , designed
specifically for handling extensive legal documents. This method formulates distinct
'views’ of the documents and generates candidate summaries from each segment. To
enhance the quality of summarization, LegalSumm incorporates an entailment module
to gauge how closely the candidate summaries adhere to the source text. For each input
approach, LegalSumm utilizes one entailment model, which is trained using the Hugging
Face Transformers library and further fine-tuned with a classification head for the ’fact’
or 'fake’ category. LegalSumm was tested using the RulingBR dataset [47] (Portuguese)
in comparison to internal and external baselines, which showed an improvement in the
quality of summarization. In terms of precision, LegalSumm (51£1) outperformed the
baseline encoder-decoder Transformer model, and in terms of coherence and coverage, it
proved to be superior to BertSumAbs who had a ROUGE-L score of 48(£1). However,
despite these enhancements, the summaries generated were not considered by legal
professionals to be particularly factually accurate or an adequate substitute for the

original summaries.

2.6 The Turkish Language and NLP

There are a few research papers that concentrate on abstractive summarization in Turk-

ish (general domain), despite the fact that there is no work examining it in legal Turkish.
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Baykara et al. [48] conducted experiments with pre-trained transformer models such as
BERT for text summarization of news articles in Turkish and Hungarian languages. The
authors introduce two datasets, with TR-News being one of them. TR-News consists of
277,573 sample for trainig, 14,610 for validation and 15,379 testing. Different variants of
BERT models were used including multilingual and monolingual, cased and uncased, and
small and large models. Performance was evaluated with ROUGE metrics (ROUGE-1,
ROUGE-2 and ROUGE-L) and compared to the baseline pointer-generator architecture.
Their results show that BERT-based models tended to copy from the input document
but still produced more novel summaries i.e. more rephrased content, compared to the
baseline. These models also produced longer summaries than pointer-generator models
however the mBERT-uncased model struggled with words containing Turkish-specific
characters. Interestingly, the summaries of the smaller BERT model were better than
the larger model in terms of intelligibility and had fewer syntactical errors. They also
describe the tokenization methods used and the alterations made to the vocabulary in
some models. The methods used for morphological tokenization were SeperateSuffix
and CombinedSuffix which are based on the roots and suffixes of the words. Their
experiments show that morphological tokenization produced more novel summaries, but
can be misleading in cases where the number of out-of-vocabulary (OOV) words is high.
On the Turkish dataset presented in the paper, TR-News, the SeperateSuffix model
yeilded the best ROUGE-L score at 32.56.

The subsequent research by the same authors [49] advanced their preliminary conclusions
by utilizing warm-start strategies in the encoder-decoder architecture using checkpoints
(BERT2BERT) from pre-existing models. Their methodology specifically incorporated
monolingual T5 (TurkBERT [50]), multilingual BART (mBART) [51], multilingual
BERT (mBERT) [52], and multilingual T5 (mt5) [53]. The authors decided to mea-
sure the performance of these models across varying data sizes, employing two distinct
datasets, TR-News|49] and MLSum [54], along with a combined dataset of the two.
The Turkish subset of MLSum is composed of 249,277/11,565/12,775 samples allocated
for training, validation, and testing, respectively. Tasks that involved the summariza-
tion of Turkish text saw pre-trained encoder-decoder models outdo pointer-generator
networks based on Recurrent Neural Networks (RNN). They observed that as the num-
ber of training samples increased, the efficacy of the models improved correspondingly.
Both the mT5 and BERTurk-cased models demonstrated comparable performance, with
mT5 slightly outperforming BERTurk-cased on individual datasets. Specifically, mT5
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achieved ROUGE-L scores of 37.96 and 37.60 on the MLSum and TR-News datasets,
respectively. On the other hand, BERTurk-cased (in BERT2BERT) obtained ROUGE-L
scores of 37.69 and 37.66 on the same datasets. However, when it comes to combined
datasets, BERTurk-cased surpassed mT5 significantly, with BERTurk-cased achieving a
ROUGE-L score of 39.08 compared to mT5’s 38.67. Moreover, the authors found that
for both summary and title creation tasks, monolingual BERT models were superior
to multilingual BERT models. Issues with encoding in uncased models led to higher
average scores for the cased models. Notably, mBART underperformed in comparison
to other models on the title creation task, hinting that it might be better suited for chal-
lenges requiring more extensive inputs/outputs. The study also evaluated the novelty
ratio in summary output for all models across two different tasks. The novelty ratio
is the percentage of unique words in the summary that are not present in the source
document. BERTurk models (cased and uncased) outperformed both mT5 and mBART
models across all datasets. It was suggested that as output length increased, the novelty
ratio worsened. This observation was underscored by the significantly higher average

novelty ratio for title generation tasks compared to summary generation tasks.

The literature on summarizing Turkish legal texts has not been extensively studied
because it is difficult to obtain labeled data. In the only published body of work in text
summarization in the legal Turkish language, Godiir [55] examines various approaches
for extracting important information from legal text. Using frequency analysis, the
first step involves selecting topics and creating summaries. This requires utilizing a
6-word window size to discover related concepts and weighting sentences according to
how frequently relevant keywords and concepts appear. Significant cue phrases such
as "Sonug¢:" indicating the conclusion are discovered to boost the weight of relevant
sentences. In this approach, the authors compare the ratio of selected sentences in the
generated summary against a reference summary created by an expert. The calculation

was performed for 14 examples, resulting in a score of 45.19.

The second approach they use is based on PageRank, which was developed by Erkan
and Radev [56] and comprises the creation of a graph of sentence relationships in order
to find essential sentences based on their significance in the graph. Like the first method,
essential topics are identified using n-gram analysis. Next, each key phrase is associated
with the sentence it appears in. After this process is applied to all the sentences, a
relationship graph is constructed among the sentences using common key phrases. This

creates a graph where sentences related to each other are connected. This step helps

15



identify related sentences in the text. For the constructed graph, an adjacency matrix is
created. This matrix shows the relationships between nodes (sentences) and keeps track
of the number of common key phrases between connected nodes (edges). The number
of common key phrases between sentences determines the strength of the relationship.
Each node is assigned a weight value based on the number of edges it has. These
sentences are score and the top sentences are then used to generate a summary. The
weighted graph model is an extension of the previously described undirected graph
model in which values are assigned to the nodes (sentences) based on the number of
connections (edges) they have. However, additionally the values of the connections to
each node are assigned based on the position of the sentences in the text. Specifically,
the first few sentences and the last few sentences (approximately 10-20% of the sentences
in the text) are considered as special nodes. A connection value between 1 and 1.5 is
assigned to these special nodes, while all other sentences receive a connection value of 1.
In experiments, the best results were attained by assigning priority sentences a value of
1.2. Once again, the authors compare the ratio of selected sentences in the generated
summary against a reference summary created by an expert, resulting in an average

score of 35.14 for all 14 examples.

The third method is a combination of a topic-based frequency model and a weighted
graph model to create a hybrid method. In the proposed method, the top 25 percent
of the highest weighted sentences are selected from each method to create two sets of
highly scored sentences, set 1 and set 2. From these two sets, a new summary is created
by selecting sentences using a predetermined algorithm. This algorithm prioritizes
choosing sentences that are present in both set 1 and set 2, and if they are absent from
both sets, chooses sentences that are present in either one of the two sets. The final
summary, which is limited to 17.5 percent of the original content, is then created by
placing the chosen sentences in order of appearance in the original text. The average
ratio of selected sentences in the generated summary against a reference summaries

created by an expert for this approach had the best value, at 45.62.

2.7 Models Overview in Literature
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Table 1: Models Overview in Literature
Language | Author(s) Year | Model(s) Legal| Type
Do-
main
English Edunov et al. 2019 | Seq2Seq with Elmo No Abs.
Turkish Godur, E. 2021 | Frequency-based Yes Ext.
Weighted Graph-based
Hybrid
Turkish Ertem et al. 2022 | LSTM-based Seq2Seq No Abs.
Turkish, Baykara et al. 2022 | Pointer Generator Network, | No Abs.
Hungarian BERT-based Encoder-
Decoder
Turkish Baykara et al. 2022 | Encoder-Decoder using | No Abs.
BERT
, BART, TH
Indian, En- | Shukla et al. 2022 | Legal-Pegasus, BART, Yes Abs.,
glish Legal-LED, fine-tuning, Ext.
Hybrid (BERT sentence se-
lector + BART)
Indian Prabhakar et al. | 2022 | TH Yes Abs.
Chinese Huang et al. 2020 | Bi-LSTM Encoder + Topic | Yes Abs.
Encoder + Decoder
German Ingo et al. 2021 | GRU Yes Abs.
Korean Yoon et al. 2022 | BERT2BERT, BART Yes Abs.
English Robinson et al. | 2022 | BART, T5, LED, DISTILL- | Yes Abs.
BART, PEGASUS
Portuguese | Feiji et al. 2022 | LegalSumm Yes Abs.
English Huang et al. 2023 | Conv + BERT + LSTM —+| Yes Abs.,
UniLM Ext.
English Takale et al. 2023 | DISTILLBART, Legal- | Yes Abs.

PEGASUS, Legal-LED

Continued on next page
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Table 1 Continued from previous page

Language | Author(s) Year | Model(s) Legal| Type
Do-
main
[talian Dal Pont et al. 2023 | T5, GPT Yes Abs.,
Ext.
English Ghimire et al. 2023 | Multinomial Naive Bayes, | Yes Abs.,
Decision Trees, Random Ext.
Forest, LSTM, Legal-
PEGASUS, PEGASUS,
PEGASUScourtop

Note: Type refers to the type of summarization investigated. It can either be abstractive (Abs.) or

extractive (Ext.).
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3 METHODOLOGY

3.1 Dataset Preparation and Preprocessing
3.1.1 Source and Nature of Legal Texts

The Turkish legal domain lacks readily available datasets suitable for summarization
tasks. To address this need, a new dataset was constructed using the rulings from the
Turkish Court of Cassation, known as "Yargitay Kararlar: Ictihat". The Yargitay serves
as the highest court of appeals in Turkey, and its rulings contribute significantly to the
development of Turkish jurisprudence. These court decisions not only resolve disputes
but also establish legal precedents that guide future decisions on similar cases called
"i¢tihat" in Turkish.

The process involved downloading and curating the Court of Cassation, or CoC in short,
rulings. Since these rulings are already available for the public, entity redaction or
anonymization is not necessary. Nonetheless, a named entity recognition tool devel-
oped in our research lab (@QBIGDATA-lab) was employed for improved data privacy by
anonymizing remaining sensitive information such as names and addresses,if any. A
subset rulings was used for to prepare our dataset, CoCSumTR. These rulings are in
free-text form and are not labelled initially. Summaries for 13,000 of these rulings was
generated using ChatGPT [25]. This involves submitting the summary to ChatGPT
with appropriate prompts, running a length and similarity check using cosine similarity.
After which, if the summary satisfies more than 40% similarity check and is not longer
than 30% of the original text, the summary is accepted. Another subset of rulings
was used for the test dataset. This was initially 100 ruling per annotator and was
increased to 300, for more performant annotators. The curated rulings underwent a
detailed annotation process wherein law graduate and undergraduate students from
Marmara University Law Faculty manually created summaries for each ruling, thereby
constructing a supervised dataset. Each data pair in this set comprised a full ruling
text and its corresponding summary. A total of 2,922 rulings were annotated by the

end of this exercise.
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Table 2: Comparison of Dataset Sizes

Dataset Training | Testing | Language | Domain
CoCSumTR 13,000 2,922 Turkish Legal
RulingBR 8,497 2,125 Portuguese Legal
LegalSum 100,000 - German Legal
CNN/DailyMail | 287,113 11,490 English News
XSum 204,045 11,334 English News
MLSUM 1,442,059 | 128,982 | Multilingual News

3.1.2 Text Length Distribution for Court of Cessation Summarization
Dataset (CoCSumTR)

Length of original text in training set
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Figure 3.1: Analysis of original text length in training dataset

Figure 3.1 show a historgram of the input text length in the dataset. The X-axis
represents the length of original in words and the Y-axis represents frequency. The
skewed distribution in the test dataset and the exceptionally high frequency for 80-90
words texts in the training set are attributed to the frequent use of templates in many
rulings, where specific details about the reasons and procedures are often omitted, and

only the appeal status (rejected, upheld, etc.) is mentioned. Although such rulings were

20



Length of summaries in training set
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Figure 3.2: Analysis of summary text length in training dataset

Length of original text in test set
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Figure 3.3: Analysis of original text length in test dataset
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Length of summaries in test set
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Figure 3.4: Analysis of summary text length in test dataset

avoided in the test data, they were not completely removed. It is possible that during
the labeling process, these rulings were favored due to their simplicity and low effort
required for labeling. Figures 3.2 and 3.4 show histogram sof the summary length in
the training and test datasets. The resulting graph shows a normal distribution which
is common in language-related tasks. Summaries need to be long enough to capture key
information, but not so long that they become almost as long as the original text. This
leads to a natural tendency for summaries to cluster around a certain optimal length,
with fewer summaries being significantly shorter or longer. In the ChatGPT-labelling
process, this was insured by rejecting summaries longer than 40% of the original text

which is also aligned with the guidelines set out for hand-labelling the test dataset.

Table 3: 25" percentile, 75" percentile, mean and standard variation for the length
(words) of fields in the CoCSumTR rounded to the nearest whole number

Field 25% | 75% | Mean | Standard Variation
Train (text) | 118 | 307 | 237 142
Train (summary) | 40 78 61 27
Test (text) 227 | 348 | 299 102

Continued on next page
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Table 3 — continued from previous page
Field 25% | 75% | Mean | Standard Variation
Test (summary) | 87 | 167 134 69

3.1.3 Involvement of Marmara University’s Law Faculty Students in Data

Labeling

A robust collaborative framework was implemented, leveraging the expertise of both
law and computer science scholars. We recruited a group of volunteers comprised
of both undergraduate and graduate students from the Faculty of Law at Marmara
University. This was accomplished through the assistance of law professors affiliated
with Marmara University. Our annotation task was explained to the volunteers in detail,

following which they were given access to Doccano?

, our selected tool for sequence-to-
sequence labeling. To ensure the volunteers were well-versed with the tool and the
task at hand, we organized an initial workshop. This interactive session served as a
platform to demonstrate the functionality of Doccano and to provide guidance on text

summarization techniques.

To instill a degree of uniformity and standardization in the annotation process, we used
a set of reference samples that were previously annotated by law professors. Further-
more, we established different platforms (Email, Google Classrooms, etc.) as a means
of ongoing support and discussion. This was intended to field any questions or con-
cerns the annotators might have about the process, including, but not limited to, ideal
summarization length, key information capture, and other related topics. While we
addressed any technical queries, questions specific to legal language and semantics were
fielded by law experts. Bi-weekly meetings were scheduled as a proactive approach to
track progress, answer face-to-face inquiries, and ensure the process remained on track.
In order to monitor the alignment of student annotations with the provided guidelines,
post-processing techniques were utilized. Specifically, we employed cosine similarity and
length ratio calculations to assess the consistency of the annotations. These metrics
served as a numerical means to evaluate and correct any deviations from the standard-
ized guidelines set forth by the domain experts, thereby maintaining the integrity of our
labeled dataset.

3https://doccano.herokuapp.com/
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3.1.4 Unsupervised Dataset for Language Model Fine-Tuning

Alongside the supervised dataset, an unsupervised dataset was also created from another
subset of Yargitay rulings. This dataset consisted of free text from the rulings, with
no accompanying summaries. It served a distinct purpose from the supervised dataset,

providing raw text for adapting and fine-tuning language models to the legal domain.

Models such as the Turkish GPT-2 and BERTurk were fine-tuned using this dataset.
Fine-tuning these pre-existing models allowed us to leverage their language understand-
ing capabilities while adapting them to the specific linguistic nuances and terminology

of the legal domain.

The construction of these two distinct yet complementary datasets - one for super-
vised summarization tasks, and another for unsupervised language model adaptation -
represents a substantial contribution to the NLP studies in the Turkish legal domain.
Their potential utility extends beyond the scope of the present study, offering valuable
resources for future research in this area. We focus on several Seq2Seq architectures
that use pre-trained transformers, including BERT2BERT, BERT2GPT2, BART, and
T5 with different variations. We present their architecture details and the approach
for our experiments. Additionally, we experiment with decoder-based architecture and
compare its differences with these models. Since BERT and T5 have a limit of 512
tokens while BART and GPT2 have a limit of 1024 tokens, there are limitations on
the input size. However, our dataset inputs may exceed this limit due to their length
and the tokenization process, necessitating a more informed approach to handling input
cutoff. In legal texts suhc as coc decisions, important information tends to be located at
the end. Therefore, we extract the last sentences from the decision while ensuring that
the total word count does not exceed 500. To avoid information loss during truncation,
we allow for a few extra tokens in case a sentence is still ongoing. Additionally, we set a
maximum token limit of 200 for the generated summaries to maintain their conciseness

and informativeness.

3.2 Model Selection and Rationale
3.2.1 BERT2BERT BERT2GPT2

BERT2BERT and BERT2GPT?2 leverage the strengths of BERT and GPT-2 by using

them as encoder and/or decoder components in a Seq2Seq architecture. In the fine-
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tuning phase, BERT2BERT and BERT2GPT2 are adapted to the summarization task
using our supervised dataset. The encoder ingests the input text and transforms it into
a sequence of context-sensitive embeddings. The decoder then takes this encoder output
and generates the summary, one token at a time. As the name suggests, BERT2BERT
architecture uses pretrained BERT [57] models to initialize both the encoder and decoder
components. BERT is designed to pre-train bidirectional representations from unlabeled
text by jointly conditioning on both left and right context in all layers. According to
the size of the model, they may have different number of layers, attention heads, and
parameters. BERT is originally pre-trained using two unsupervised tasks: masked
language model and next sentence prediction [58]. On the other hand, the GPT-2 model
specifically uses the decoder of the original transformer model, comprising multiple
layers of decoders stacked together. Each block contains a self-attention mechanism and
a position-wise feed-forward network, which are each followed by layer normalization
and a residual connection. The pretraining objective for GPT-2 is to predict the next
token (e.g., word) in a sequence of tokens, given the previous ones. This is why GPT-2
is described as an autoregressive model and requires no additional cross-attention layers

to provide language generation.

Decoders in Seq2Seq setups use cross-attention to condition the predictions based on the
encoder’s output. This is why in both BERT2BERT and BERT2GPT2, cross-attention
layers. Cross-attention layer are different from self-attention layers because of the source
of its queries, keys and values. In self-attention layers, the queries, keys, and values all
come from the same place which is the input sequence. In cross-attention layers, the
queries come from one sequence (for instance, the decoder sequence in a transformer),
while the keys and values come from another sequence (like the encoder sequence).
These additional layers enable the decoder to attend to the encoder’s output during

each decoding step, a feature absent in the original BERT or GPT-2 models.

We used pre-trained language models on the Turkish language such as Turkish BERT
BERTurk* [50] and Turkish GPT-2 ® [59] initilize our architecture. This allowed us to
better capture the linguistic nuances, grammar, and specific characteristics of the Turkish
language and cut back on training time and computational resources. Additionally, we
experiment with some architectures by extending the initial process and training the

models on Turkish legal text. Throughout the research, we refer to these extended

“https://huggingface.co/dbmdz/bert-base-turkish-cased
Shttps://huggingface.co/redrussianarmy/gpt2-turkish-cased
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models as HukukBERT® and HukukGPT2 7, respectively. For the fine-tuning process,
we leverage EncoderDecoderModel from HuggingFace which automatically adds cross-
attention layers and initializes the decoder if needed. Once the model has been trained,
the model is evaluated on a separate validation dataset that the model has not seen

before using ROUGE scores, and the training process is repeated.

3.2.2 MBART

BART [60] is a pre-trained transformer model specifically designed for Seq2Seq tasks. In
our research, we leveraged the fine-tuning scripts of the HuggingFace library. Specifically,
we utilized the MBartForConditionalGeneration model from HuggingFace’s fine-tuning
script for BART. BART is a seq2seq model known for its success in various natural
language processing tasks. It utilizes an encoder-decoder architecture, incorporating
both masked language modeling and denoising auto-encoding objectives during pre-
training. We initialized the weights of the architecture with the weights of the pre-
trained MBART model (facebook/mbart-large-50 [51]). This is because the original
BART model is trained on English corpus whereas MBART was pre-trained on 50

languages including Turkish.

In our fine-tuning process, we imposed a maximum token limit of 200 on the generated
summaries to maintain their conciseness. Additionally, it is important to note that the
BART models have limitations on the token input size. For example, the input size for
the BART model is limited to 1024 tokens. The models are evaluated on a separate

validation set, and their performance is measured using ROUGE scores.

3.2.3 mT5

Similarly, for the TH experiment, we fine-tuned the MT5ForConditionalGeneration
model using an MT5 model’s (google/mt5-base [53|) pre-trained weights. The
MT5ForConditionalGeneration model is based on the T5 (Text-to-Text Transfer Trans-
former) architecture. T5 is an adaptable model that can be optimized for various NLP
tasks, including abstractive summarization. T5 models are trained on a denoising task
called Span Corruption. Rather than masking individual tokens like BERT, T5 ran-
domly selects a contiguous span of tokens in the input sequence and replaces it with a

noise token. The model is then trained to reconstruct the original sequence, including

Shttps://huggingface.co/BIGDaTA-Lab/HukukBERT-small
"https://huggingface.co/BIGDaTA-Lab/hukuk-gpt2-tr
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the corrupted span. A key distinction between T5 and m'T5 is that the former undergoes
supervised learning during its pre-training stage, which is not the case for the latter.
This means that the pre-trained T5 model, even before fine-tuning, has been exposed to
various downstream tasks beyond its main unsupervised learning objective and accepts
prompt tokens to generate target outputs (e.g. summary). This is not the case for mT5
which requires additional fine-tuning to generate outputs. mT5 has a token limit of 512

and the input text was truncated accordingly.

3.2.4 Turkish GPT2

Decoder-based architectures, such as GPT-2, consist solely of a decoder component
and lack an encoder. These models work by predicting the next token in a sequence
given the preceding tokens. While they excel at language modeling tasks, their lack of
bidirectional context understanding can limit their performance on tasks that require a
a thorough comprehension of the original sequence. The underlying fine-tuning process
primarily leverages the GPT-2 model, a transformer-based generative language model
that utilizes a decoder-only architecture. The fundamental steps of this process include

configuring the model, training, and validating the model.

To initialize the fine-tuning process, the model, optimizer, and loss function are set up.
A pre-trained Turkish GPT-2 model is used to initialize the weights of the architecture
and to benefit from the model’s Turkish-specific context knowledge. In this case, the
AdamW optimizer is used for training the model, and the learning rate scheduler is
configured to adjust the learning rate over the training epochs. The cross entropy Loss
function is adopted, which is suitable for multi-class classification problems like text
generation. To mitigate the impact of padding tokens during loss computation, an
ignore index is specified. The tokens at these indexes will not contribute to the loss.
For training, each batch of data is processed in a training loop. The input and label
tensors are passed through the model, generating a set of logits. Only the logits and
labels after the separator token index are considered for loss calculation, mimicking the
functionality of Seq2Seq models. The loss function is applied to these shifted logits and
labels.

For consistency with other models, we used beam search as a decoding strategy. The
backward pass is computed, and the gradients are clipped to prevent the exploding
gradients problem. Afterward, a step of the optimizer is performed, updating the model’s

weights. The scheduler also takes a step, adjusting the learning rate. This process is
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repeated for each batch in the data. The total loss for each batch is accumulated,

providing the total loss for an epoch of training.

3.3 Fine-Tuning Strategy for Domain Adaptation

Prior to using in BERT2BERT or BERT2GPT2, we adapt BERTurk and Turkish GPT-2
models to the legal domain by extending their language modelling training over our
free text I¢tihat dataset. We do this to detect whether understanding of the domain
would help generate better-quality summaries. For this, we use the scripts provided
by HuggingFace for fine-tuning BERT and GPT-2, respectively. For HukukBERT
(BERTurk trained over legal data), using 3 epochs was enough to display a difference
in the quality of summaries generated. However, with Hukuk GPT-2 (Turkish GPT-2
trained over legal data), we had to increase the epoch number from 20 to 50 to see the

difference in the summarization task results.

3.4 Evaluation Metrics

ROUGE, or Recall-Oriented Understudy for Gisting Evaluation, is a common type of
metrics which is used to for evaluation of summarizing. It compares the output of a

summary against reference summaries, typically created by humans. The three common
variations of ROUGE are ROUGE-1, ROUGE-2, and ROUGE-L.

3.4.1 ROUGE-1

ROUGE-1 measures the overlap of unigram or individual words between the sample

generated summary and human-labelled summary. It is calculated using the formula:

ZsE{Reference Summaries} ZwEs COUDtm&tCh(w)

ZsE{Reference Summaries} Z’U}ES Count (w)

ROUGE-1 =

Where:

e Countpagen(w) is the count of each word w in the generated summary that also

appears in the reference summary.

e Count(w) is the count of each word w in the reference summary.
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3.4.2 ROUGE-2

ROUGE-2, on the other hand, extends the range to two consecutive words or bi-grams

when measure the ratio of overlapping between the summaries. Its formula is:

Zse{Reference Summaries} Zbgés CountmatCh(bg)

ROUGE-2 =
Zse{Reference Summaries} Zbges Count(bg)

Where:

e Countpaeen(bg) is the count of each bigram bg in the generated summary that also

appears in the reference summary.

e Count(bg) is the count of each bigram bg in the reference summary.

3.4.3 ROUGE-L

ROUGE-L focuses on the longest common subsequence (LCS) between the automatically
generated and human-generated summary. This means that it considers the similarity
on the sentence level by identifying the longest n-grams that co-occur in both summaries.

The formula is:

ZsE{Reference Summaries} LCS(S’ Generated SummarY)

ROUGE-L =
ZsE{Reference Summaries} Length<8)

Where:

e LCS(s, Generated Summary) is the length of the longest common subsequence

between the reference summary s and the generated summary.
e Length(s) is the length of the reference summary s.

Each of these ROUGE metrics offers a different perspective on the quality of the sum-
mary, with ROUGE-1 and ROUGE-2 focusing on word and phrase accuracy, while

ROUGE-L assesses sentence-level fluency and structure.
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4 EXPERIMENTAL EVALUATION

4.1 Experimental Setup

For our transformer-based architecture, we chose to select and truncate the terminal
sentences so that they did not exceed a length of 500 words. Before settling on this
approach, we evaluated alternative strategies such as truncating sentences if they sur-
passed 500 tokens starting from the beginning of the text, as well as choosing a range of
sentences from the beginning, middle, and end without surpassing 500 tokens. However,
our experiments led us to conclude that the method of truncating sentences from the
end, on average, yielded superior results. Additionally, we consciously avoided interfer-
ing with the selection of text input. Our intention was to keep clear distinctions from
extractive summary generation approaches, and thus, we refrained from manipulating
the input text selection process extensively. Subsequently, we selected the appropriate
tokenizer based on the architectural specifications of the model in use. For instance, we
employed the T5 tokenizer for T5-based models, the BART tokenizer for BART-based
models, and so forth. While employing the BERT2BERT model, we utilized the BERT
tokenizer for both encoder and decoder. On the other hand, the BERT2GPT2 model
required the application of two distinct tokenizers, BERT tokenizer for the encoder and
a GPT-2 tokenizer for the decoder. We did experiments with both cased and uncased
variations of the BERTurk however, we eventually settled on continuing with the cased
model. This is because the uncased BERT tokenizer strips the accents/dots from the

Turkish letters g i ¢ 6, and caused discrepancies when calculating the ROUGE scores.

Additionally, we conducted experiments using a subset of the dataset consisting of
6,000 samples, to evaluate the performance of these architectures in an under-resourced

domain. We ran all our experiments on an Amazon EC2 p3.8xlarge instance, which is
equipped with 4 NVIDIA V100 GPUs.

4.2 Model Training

For the BERT2BERT and BERT2GPT2 model variations, we used the default AdamW
optimizer as well as learning rate scheduler that adjusts the learning rate during training.
The default scheduler is a linear decay scheduler, which we configured to increase linearly
during the first 2000 steps of training (warm-up period) and then decay linearly for

the remaining steps over the course of training. We implemented early stopping and
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a penalty of 2 on output length. Initially, we experimented with a maximum output
of 128 tokens for our decoders, however, we found that increasing this limit to 200 led
to a higher quality of summaries generated. We also imposed a minimum length of 56
tokens for output to ensure summaries are generated. We trained our BERT2BERT,
BERT2GPT?2 architecture for 100, T5, BART and GPT-2 architectures for 50 epochs.

4.3 Performance Comparison
4.3.1 Comparison with Extractive Methods

Since there is no previous body of work in abstractive summarization of legal Turkish
text, we relied on extractive techniques to draw comparisons with our results. We
implemented a range of extractive techniques encompassing graph-based, frequency-
based, and clustering-based methodologies. For the first baseline, we implemented a
frequency-based extractive summarization algorithm for our dataset. We used a simple
approach which works by tokenizing the content into sentences and words, removing
Turkish stopwords and punctuation. This is done to focus on the content of the text
and to prevent common stops words from being selected in the next step. We then
scored each sentence based on the frequency of its terms, and then selected the top
20% of sentences based on their scores to create the summary. For our second baseline,
we employed a graph-based text summarization method. First, we tokenized the text
into sentences and cleaned them for further processing. Cleaning the data includes
removing stop words and new lines and converting to lowercase letters. After cleaning,
we utilized a Turkish word2vec model [61] to embed each sentence into a vector space,
resulting in a list of sentence vectors. With the sentence vectors at hand, we computed
the sentence similarity matrix using cosine similarity, forming the basis for our graph
representation. This similarity matrix is then used to create a graph with the help of
the NetworkX library, where sentences are nodes and similarity scores are edges. To
determine sentence importance, we applied the PageRank algorithm to our sentence
graph. The sentences are subsequently ordered based on their respective scores, with the
highest-ranking 20% (rounded to the nearest whole number) being chosen for inclusion
in the final summary. For our third and final baseline, we use a clustering method
proposed by Miller [62] which combines clustering and sentence embeddings for an
extractive approach to summarization. It uses BERT to generate sentence embeddings
to represent the sentences in the input text, clusters these embeddings and selects

representative sentences from each cluster to generate the summary. The number of

32



clusters is determined dynamically by finding the elbow in the plot of the clustering

algorithm’s performance versus the number of clusters.

Table 4: Comparison of extractive methods implemented using ROUGE scores with
precision, recall, and F1-score for 500 examples

Method ROUGE1 ROUGE2 ROUGE-L

F1 P R

F1. P R

F1 P R

Frequency-based
Bert-based Clustering
Graph-based

0.63 0.64 0.72
0.35 0.56 0.29
0.53 0.63 0.54

0.56 0.58 0.63
0.26 0.42 0.22
0.44 0.54 045

0.54 0.56 0.62
0.27 0.44 0.23
0.43 0.53 0.44

4.3.2 Abstractive Model Comparisons

Table 5: Model and Parameter Number

Model Parameter Number

GPT-2 Summarizer 124,442,880
BERT2BERT 139,608,320
Hukuk BERT2BERT 139,608,320
BERT2GPT?2 263,424,000
Hukuk BERT2GPT?2 263,424,000
T5 Summarizer 582,401,280
BART Summarizer 610,879,488

The parameter size of a summarization model is a measure of its complexity. A larger
model generally has more capacity to learn complex relationships between words and
can therefore generate more accurate and fluent summaries. However, larger models
also require more training data and can be more computationally expensive to train

and run.

In the case of the models listed, BART has the largest number of parameters, followed
by T5 and BERT2GPT2. This suggests that these models are the most complex and
have the most capacity to learn complex relationships between words. It is also worth
noting that BART and T5 models are pre-trained on more diverse tasks that include

aspects of both understanding and generating text. For instance, T5 is trained on a
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"text-to-text" basis, where almost any NLP task is converted into a text generation

problem.

Parameter size is not the only factor that determines the performance of a summarization
model, as evident in Table 6. The quality of the training data, the training algorithm,
and the hyperparameters can also play a role. While mT5 has a significantly larger
number of parameters than BERT2BERT, its performance falls behind. This highlights
an important observation: the size of parameters by itself is not consistently a dependable
measure of a summarization model’s performance. T5, being a multi-task model, is
trained on various tasks like machine translation, question answering, etc. Though its
large parameter size offers a greater learning capacity, it might not be as optimized for
summarization as BERT2BERT, specifically trained for the task. Hukuk BERT2BERT,
with the same parameter size as BERT2BERT, performs well due to its specialization
for legal texts. Such domain-specific models trained on targeted data often outperform

larger generic models like mT5 for specific tasks.

Table 6: Comparison of methods using ROUGE scores with precision, recall, and
F1-score for 500 examples

Method ROUGE1 ROUGE2 ROUGE-L

F1 P R F1 P R F1 P R

GPT-2 Summarizer | 0.42 0.49 0.39 | 0.26 0.29 0.24 | 0.29 0.33 0.27
T5 Summarizer 0.39 0.62 031|024 040 0.19 | 028 045 0.25
BART Summarizer | 0.38 0.63 0.29 | 0.25 0.43 0.19 | 0.28 0.48 0.22
BERT2BERT 0.41 062 033 0.26 039 022|030 044 0.25
BERT2GPT?2 0.40 0.62 032|025 038 021|029 044 0.24
Hukuk BERT2BERT | 0.41 0.62 0.34 | 0.26 0.38 0.22 [ 0.30 0.44 0.25
Hukuk BERT2GPT2 | 0.39 0.61 0.32 | 0.25 0.37 0.21 | 0.29 0.44 0.24
GPT 3.5 0.34 054 027|017 027 013 ] 022 034 0.17
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Table 7: Comparison between BERT scores of each model using the BURTTurk

Method BERT-score
F1 P R
Frequency-based (Ext.) 0.7 | 0.76 | 0.72
Bert-based Clustering (Ext.) | 0.57 | 0.5 | 0.53
Graph-based (Ext.) 0.67 | 0.66 | 0.66
GPT-2 Summarizer (Abs.) | 0.65 | 0.57 | 0.61
T5 Summarizer (Abs.) 0.66 | 0.57 | 0.61
BART Summarizer (Abs.) | 0.65 | 0.56 | 0.6
BERT2BERT (Abs.) 0.66 | 0.58 | 0.61
BERT2GPT2 (Abs.) 0.65 | 0.57 | 0.61
Hukuk BERT2BERT (Abs.) | 0.66 | 58 | 0.61
Hukuk BERT2GPT2 (Abs.) | 0.65 | 0.57 | 0.61
GPT3.5 0.65 | 0.57 | 0.61

Table 8: Comparison of methods using average Bleu scores

Method BLEU
Frequency-based (Ext.) 0.44
Bert-based Clustering (Ext.) 0.4
Graph-based (Ext.) 0.44
GPT-2 Summarizer (Abs.) 0.27
T5 Summarizer (Abs.) 0.27
BART Summarizer (Abs.) 0.3
BERT2BERT (Abs.) 0.27
BERT2GPT?2 (Abs.) 0.27
Hukuk BERT2BERT (Abs.) 0.27
Hukuk BERT2GPT2 (Abs.) | 0.26
GPT3.5 0.22
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4.4 Discussion of Results
4.4.1 Interpretation of Findings

From the scores, we can see that extractive methods have higher rouge scores overall
than abstractive methods. One explanation for this is that extractive methods generate
summaries by selecting sentences from the original text, rather than generating new
text which means that the resulting summary is likely to contain a higher percentage of
exact matches as the reference summaries, leading to higher ROUGE scores. Another
probable reason could be that extractive methods work with a ratio factor or sentence
number. In our case, we used the ratio factor since we have variously-sized texts. This
means that longer texts would have longer summaries and in turn a better chance
of covering more of the original text in the summary. In the abstractive models, we

imposed a 200-token output length on the models and penalize lengthier outputs.

Since the length of the summary and the percentage of overlapping words are not good
measures of abstractive summaries, we used domain experts to judge the summaries
generated by each model. In general, experts expect a good summary to provide practical
benefit to lawyers to emphasize which types of crimes the case was opened for, the flow

of events in the case and the main elements of the reasoning behind the decision.

In the following example, all summaries contain relevant information about the case,
which is about the collection of the unexpropriated immovable property’s value. In
general, all models are able to correctly emphasize the types of crimes. However, the T5
model’s summary seems to be unrelated to the original text and contains information

about a retirement case instead.

As expected, extractive approaches generate the most extended summaries because of
the ratio parameter, while abstractive summaries are shorter. Summaries generated by
models such as the graph-based, GPT-2-based, T5-based, and BART-based suffer from
incomplete or cut-off sentences. Apart from degrading the readability of the summary,

it also affects how informative the summary is, compared to other methods.
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Table 9: Summary generation of different models for sample text

Source
Original “Taraflar arasindaki kamulagtirmasiz el atilan taginmaz be-
Text delinin tahsili davasindan dolay1 yapilan yargilama sonunda:

Davanin kabuliine iligkin ilk derece mahkemesinin kararina
karg1 davali idare vekilinin istinaf bagvurusu iizerine Istan-
bul Bélge Adliye Mahkemesinin 5. Hukuk Dairesinin isti-
naf isteminin esastan reddine dair karari ile birlikte Inegél 3.
Asliye Hukuk Mahkemesinin 2018162 E. - 2018/234 K. sayih
kararinin Yargitay’'ca incelenmesi daval idare vekilince verilen
dilekge ile istenilmis olmakla, dosyadaki belgeler okunup uyus-
mazlik anlagildiktan sonra geregi goriisiiliip diistintildi:- K A
R A R -Dava, kamulagtirmasiz el atilan tasinmaz be-
delinin tahsili istemine iliskindir. Ik derece mahkemesince
davanin kabuliine iligkin olarak verilen karara karsi davali
idare vekili tarafindan yapilan istinaf bagvurusunun Is-
tanbul Bolge Adliye Mahkemesi 5. Hukuk Dairesince
HMK’nin 3531-b-1 inci maddesi geregince esastan red-
dine karar verilmis olup; hiikiim davali idare vekil-
ince temyiz edilmistir.Dosyada bulunan kanit ve belgelere,
kararin dayandigi gerekcelere gore; arazi niteligindeki Inegél
Tlcesi, Bogazkdy Mahallesi, 110 ada 62 parsel sayili
tasinmaza 2942 sayih Kamulastirma Kanununun 111-
f maddesi uyarinca gelir metodu esas alinarak deger
bicilmesinde ve alinan rapor uyarinca bedelinin tah-
siline iligskin ilk derece mahkemesince verilen karara
karsi yapilan istinaf bagvurusunun HMK’nin 3531-b-
1 inci maddesi uyarinca esastan reddine karar ver-
ilmesinde bir isabetsizlik goriilmemigtir.Daval1 idare
vekilinin temyiz itirazlar1 yerinde olmadigindan usul
ve yasaya uygun olan hiikmiin HMK’nun 370. mad-
desi geregince ONANMASINA, davali idare hagtan muaf
oldugundan har¢ alinmamasia, 15/04/2021 giintinde oybir-

ligiyle karar verildi.”

Continued on next page
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Table 9 — continued from previous page

Source
Reference | “Dava, kamulastirmasiz el atilan tasinmaz bedelinin
Summary | tahsili istemine iliskindir. Ilk derece mahkemesince da-

vanin kabuliine iligkin olarak verilen karara karsi davali idare
vekili tarafindan yapilan istinaf bagvurusunun Istan-
bul Bolge Adliye Mahkemesi 5. Hukuk Dairesince
HMK’nin 3531-b-1 inci maddesi geregince esastan red-
dine karar verilmis olup; hiikiim davali idare vekil-
ince temyiz edilmigtir. Dosyada bulunan kanit ve belgelere,
kararin dayandig1 gerekeelere gore; arazi niteligindeki Inegél
ilgesi, Bogazkoéy Mahallesi, 110 ada 62 parsel sayili
tasinmaza 2942 sayih Kamulagtirma Kanununun 111-
f maddesi uyarinca gelir metodu esas alinarak deger
bicilmesinde ve alinan rapor uyarinca bedelinin tah-
siline iligskin ilk derece mahkemesince verilen karara
karsi yapilan istinaf bagvurusunun HMK’nin 3531-b-
1 inci maddesi uyarinca esastan reddine karar ver-
ilmesinde bir isabetsizlik goriilmemigtir.Daval1 idare
vekilinin temyiz itirazlar1 yerinde olmadigindan usul
ve yasaya uygun olan hiikkmiin HMK’nun 370. maddesi
geregince ONANMASINA”

Continued on next page
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Table 9 — continued from previous page

Source

Frequency-
based

“Hukuk Dairesince HMK’'nin 3531-b-1 inci maddesi geregince
esastan reddine karar verilmis olup; hiikiim davali idare vek-
ilince temyiz edilmistir.Dosyada bulunan kanit ve belgelere,
kararmn dayandigi gerekcelere gore; arazi niteligindeki Inegol
Ilcesi, Bogazkoy Mahallesi, 110 ada 62 parsel sayili tagin-
maza 2942 sayili Kamulagtirma Kanununun 111-f maddesi
uyarinca gelir metodu esas alinarak deger bigilmesinde ve
alinan rapor uyarinca bedelinin tahsiline iligkin ilk derece
mahkemesince verilen karara kargi yapilan istinaf bagvurusu-
nun HMK’nin 3531-b-1 inci maddesi uyarinca esastan red-
dine karar verilmesinde bir isabetsizlik goriilmemistir.Davali
idare vekilinin temyiz itirazlar1 yerinde olmadigindan
usul ve yasaya uygun olan hiikmiin HMK’nun 370.
maddesi geregince ONANMASINA, davali idare hagtan
muaf oldugundan harg¢ alinmamasina, 15042021 giiniinde oy-

birligiyle karar verildi.”

Graph-
based

“Asliye Hukuk Mahkemesinin 2018162 E. - 2018234 K. sayih
kararinin Yargitay'ca incelenmesi davali idare vekilince ver-
ilen dilekge ile istenilmig olmakla, dosyadaki belgeler okunup
uyusmazlik anlagildiktan sonra geregi goriisiiliip diisiintildii:-
K A R A R -Dava, kamulagtirmasiz el atilan taginmaz be-
delinin tahsili istemine iligkindir.Ilk derece mahkemesince da-
vanin kabuliine iligkin olarak verilen karara kargi daval idare
vekili tarafindan yapilan istinaf bagvurusunun Istanbul Bolge
Adliye Mahkemesi 5.”

Continued on next page
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Table 9 — continued from previous page

Source

Bert-based
(Ext.)

“Tlk derece mahkemesince davanin kabuliine iligkin olarak ver-
ilen karara karsi davali idare vekili tarafindan yapilan istinaf
bagvurusunun Istanbul Bolge Adliye Mahkemesi 5. Hukuk
Dairesince HMK’'nin 3531-b-1 inci maddesi geregince esas-
tan reddine karar verilmis olup; hiikiim davali idare vekil-
ince temyiz edilmistir. Dosyada bulunan kanit ve belgelere,
kararmn dayandigi gerekcelere gore; arazi niteligindeki Inegol
Tlcesi, Bogazkoy Mahallesi, 110 ada 62 parsel sayili tasinmaza
2942 sayii Kamulagtirma Kanununun 111-f maddesi uyarinca
gelir metodu esas alinarak deger bigilmesinde ve alinan rapor
uyarinca bedelinin tahsiline iligkin ilk derece mahkemesince
verilen karara karsi yapilan istinaf bagvurusunun HMK’nin
3531-b-1 inci maddesi uyarinca esastan reddine karar ver-

ilmesinde bir isabetsizlik goriilmemistir.”

GPT-2-
based

“Ilk derece mahkemesi tarafindan yapilan yargilama
sonucunda, taraflar arasindaki kamulastirmasiz el
atilan tasinmaz bedelinin tahsili davasinda, davanin
kabuliine iligkin ilk derece mahkemesinin kararina
kars1 davali idare vekilinin yaptig1 istinaf bagvurusu
Istanbul Bolge Adliye Mahkemesinin 5. Hukuk
Dairesince esastan reddine karar verilmistir. An-
cak davali idare vekilinin temyiz itirazlar1 yerinde
olmadigindan hiikmiin onanmasina ve harg¢ alinma-
masina karar verilmistir...u davali idare hagtan muaf
oldugundan har¢ alinmamasina karar verilmistir. hallerde, ilk
derece mahkemesince verilen karar HMK’nin 3531-b-1
inci maddesi uyarinca gelir metodu esas alinarak deger
bicilmesinde ve bedelin tahsiline iliskin ilk derece
mahkemesince verilen karara karsi yapilan istinaf

basvurusunun esas”

Continued on next page
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Table 9 — continued from previous page

Source

T5-based

“Dava, davacinin emeklilik tarihinin tespiti ve emeklilik tari-
hinin tespit edilmesi istemine iligkindir. 21. Hukuk Dairesi
bozma ilamina uyarak yapilan yargilama sonucunda davanin
kismen kabuliine karar verilmistir. Taraf vekilleri tarafindan
temyiz edilen hiikmiin, dosyadaki yazilara, toplanan delillere
ve hiikmiin dayandigr gerektirici sebeplere gore davaci vek-
ilinin tiim, davali sirket ile davali Kurum vekilinin sair temyiz
itirazlar1 reddi gerekir. Yargilama giderleri taraflarin haklilik
oranina gore paylastirir. Eldeki davada, davacinin prim giin
ve sigortalilik siiresini tamamladigi ancak yag sartini tamamla-
madigindan emeklilige hak kazanamadigi tespit edilmigtir. Bu

nedenle, davali Kurum ve davali igveren lehine h”

BART-
based

“Bu dava, kamulastirmasiz el atilan tasinmaz bedelinin
tahsili istemine iligkindir. 1Ilk derece mahkemesi
davay1 kabul etmis, ancak davali idare vekili isti-
naf bagvurusu yapmustir. Istanbul Bélge Adliye
Mahkemesi 5. Hukuk Dairesi istinaf isteminin esastan
reddine karar vermis ve hiikiim davali idare vekilince
temyiz edilmistir. Yargitay, dosyadaki belgelere ve kararin
gerekcelerine dayanarak ilk derece mahkemesinin kararinin
dogru olduguna karar vermistir. Davalh idare vekilinin
temyiz itirazlar1 yerinde olmadigindan hiikmiin onan-

masina’

Continued on next page
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Table 9 — continued from previous page

Source

BERT2BE-
RT

“Bu metin, bir tasinmaz bedelinin tahsili davasi so-
nunda yapilan yargilama hakkinda bir karar metnidir.
Ik derece mahkemesi tarafindan verilen karara kars
davali idare vekilinin yaptig: istinaf bagvurusu Istan-
bul Bolge Adliye Mahkemesinin 5. Hukuk Dairesince
esastan reddine karar verilmistir. Ancak davali idare
vekil tarafindan yapilan temyiz itirazlar1 yerinde olmadigin-
dan, hiikiim usul ve yasaya uygun olarak onanmistir.

Davali idare hagtan muaf oldugu ic¢in har¢ alinmamigtir.”

BERT2GP-
T2

“Bu metin, bir tasinmaz bedelinin tahsili davas: so-
nunda yapilan yargilama hakkinda bir karar metnidir.
Ik derece mahkemesi tarafindan verilen karara kars1 davalh
idare vekilinin yaptigi istinaf bagvurusu Istanbul Bolge
Adliye Mahkemesinin 5. Hukuk Dairesince esastan
reddine karar verilmistir. Ancak davali idarenin temyiz
itirazlar1 yerinde olmadigindan, hiikiim usul ve yasaya
uygun olarak onanmistir. Davali idare ha¢tan muaf oldugu

i¢in har¢ alinmamigtir.”

Hukuk
BERT2BE-
RT

“Bu metin, bir taginmaz bedelinin tahsili davasi sonunda
yapilan yargilama hakkinda bir karar metnidir. Ilk derece
mahkemesi tarafindan verilen karara kars1 davali idare
vekilinin yaptig1 istinaf bagvurusu Istanbul Bolge
Adliye Mahkemesinin 5. Hukuk Dairesince esastan
reddine karar verilmistir. Ancak davali idare vekil
tarafindan yapilan temyiz itirazlari yerinde olmadigin-
dan, hiikiim usul ve yasaya uygun olarak onanmistir.

Davali idare hag¢tan muaf oldugu ic¢in har¢ alinmamigtir.”

Continued on next page
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Table 9 — continued from previous page

Source

Hukuk “Bu metin, bir taginmaz bedelinin tahsili davasi sonunda

BERT2GP- | yapilan yargilama hakkinda bir karar metnidir. Ik derece

T2 mahkemesi tarafindan verilen karara kars1 davali idare
vekilinin yaptig1 istinaf bagvurusu Istanbul Bolge
Adliye Mahkemesinin 5. Hukuk Dairesince esas-
tan reddine karar verilmistir. Ancak daval idarenin
temyiz itirazlar1 yerinde olmadigindan, hiikiim usul
ve yasaya uygun olarak onanmigtir. Davali idare hactan
muaf oldugu i¢in har¢ alinmamigtir.”

GPT 3.5 “Taraflar arasinda yapilan yargilama sonucunda, kamulagtir-

masiz el atilan taginmaz bedelinin tahsili davasinin kabul
edildigi ve davali idare vekilinin istinaf bagvurusuyla ilgili
olarak Istanbul Bolge Adliye Mahkemesi 5. Hukuk Dairesi
tarafindan istinaf isteminin reddedildigi belirtilmistir. Inegol
3. Asliye Hukuk Mahkemesi tarafindan verilen kararin Yargi-
tay tarafindan incelenmesi istenmigtir. Dosyadaki belgeler ve

uyusmazlik degerlendirildikten sonra, davali idare vekilinin

temyiz itirazlariin yerinde olmadigi ve hiikmiin usul”

End of table

Upon inspection of other examples, we also notice that models, specifically GPT-2-based
and BERT2GPT2, suffer from hallucinations. Especially if the original text is dense
in terms of numerical data, these models sometimes make up numbers, amounts, or
currencies not found in the original text. In Table 10, the reference summary captures
the key elements from the text: it discusses an appeal case where the defendant’s original
sentence of "3 years 4 months" imprisonment was changed to "4 years 8 months 7 days".
The appeal reasons by the defendant’s lawyer were rejected, and the decision to change
the sentence was approved. Ultimately, the file was sent to Corum 3rd Criminal Court
of First Instance and the Chief Public Prosecutor’s Office of the Supreme Court in
line with Law No. 7165 and Article 304/1 of the Turkish Code of Criminal Procedure
(CMK).

The generated summary for BERT2GPT2 shows clear inaccuracies. According to the
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original text, the initial decision was given on 16.09.2019 under file number 2019/567 and
decision number 2019/2572 by the Regional Court of Justice, not 19.11.2019 with file
number 2018/1183 and decision number 2019/2565. Also, the original prison sentence

was "3 years 4 months," and it was revised to "4 years 8 months 7 days," but in the

generated summary, it’s given as "2 years 9 months 10 days." It’s also important to

mention the defendant was convicted of "intentional wounding," or "kasten yaralama"

in Turkish, which the summary does not capture.

For the GPT-2-based model, the summary does not mention one of the key points of
the original text where the sentence is increased. There are grammar and syntactical
errors as well as incomplete sentences, such as the phrase "sanigin lehine zilyetlikleKarar-
malarini indiracak gekilde, paymna diigen oraninda haksiz tahrik hiikiimlerinin". The
case numbers, dates, and law article numbers in the summary don’t match those given
in the original text. The summary also incorrectly identifies the conviction as "nitelikli

yagma" (qualified robbery) instead of "intentional wounding".
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Table 10: Hallucinations from sample generation from BERT2GPT2

Source
Original “Istinaf bagvurularinin kabulii ile yeniden hiikiim kurulmak
Text suretiyle sanigin mahkumiyetine dair; ... Bolge Adliye

Mahkemesi 1. Ceza Dairesinin 16.09.2019 tarih,
2019/567 Esas, 2019/2572 Karar sayili karari... Bolge
Adliye Mahkemesi 1. Ceza Dairesinin 16.09.2019
tarih, 2019/567 Esas, 2019/2572 Karar sayili kararinin sanik
miidafii, katilan vekili tarafindan CMK’nin 291. maddesinde
belirtilen siire i¢inde temyiz edildigi anlagilmigtir.Dosya in-
celendi.Geregi goriigiiliip diisiiniildii:Ilk derece mahkemesinin
5237 sayih TCK’nin 86/1, 86/3-e, 87/1-a, d, 29, 62/1 ve
58. maddeleri uyarmmca hiikmettigi "3 yil 4 ay" hapis
cezasma dair kararin, bolge adliye mahkemesince
kaldirilarak samigin TCK’nin 86/1, 86/3-e, 87/1-a,
d, 29, 62/1 ve 58. maddeleri uyarinca "4 yil 8

" hapis cezasina mahkum edilmis olmasi ne-

ay 7 giin
deniyle 5271 sayili CMK’nin 286/2-b maddesi geregince hiik-
miin temyiz kanun yoluna tabi oldugu belirlenerek yapilan
incelemede;... Bolge Adliye Mahkemesi 1. Ceza Dairesinin
16.09.2019 tarih, 2019/567 Esas, 2019/2572 Karar sayili
“istinaf bagvurusunun kabulii ile yeniden hiikiim kurulmak
suretiyle sanigin kasten yaralama sugundan mahkumiyetine
iliskin” hiikmiiniin tiim dosya kapsamina goére hukuka uy-
gun oldugu anlasildigindan; sanikmiidafii ve katilan vek-
ilinin yerinde goriilmeyen temyiz sebeplerinin reddiyle,
CMK’nin 302/1. maddesi geregince, isteme uygun olarak
TEMYIiZ ISTEMININ ESASTAN REDDI ile HUK-
MUN ONANMASINA Dosyanm, 28.02.2019 tarihinde
Resmi Gazete'de yayimlanarak yiiriirliige giren 7165 sayili
Kanun’un 8. maddesi ile degisik 5271 sayili CMK’nin 304/1.
maddesi geregince “Corum 3. Asliye Ceza Mahkemesine, Yargi-
tay ilaminin bir orneginin ise ... Bodlge Adliye Mahkemesi
1. Ceza Dairesine gonderilmek iizere” Yargitay Cumhuriyet
Bassavciligina TEVDIINE, 31.05.2021 giiniinde oy bir-
ligiyle karar verildi.l5

Continued on next page




Table 10 — continued from previous page

Source

Reference

Summary

“16.09.2019 tarihli Bolge Adliye Mahkemesi 1. Ceza
Dairesi karari, sanigin ve katilan vekilinin avukati tarafindan
temyiz edildi. Ik hapis cezasi olan "3 y1l 4 ay" bélge adliye
mahkemesince kaldirildi ve sanik "4 yil 8 ay 7 giin"
hapis cezasina cgarptirildi. Yapilan inceleme sonucunda,
sanigin kasten yaralama su¢undan mahkumiyetine iligkin hiik-
miin hukuka uygun oldugu belirlendi. Sanik miidafiinin ve
katilan vekilinin temyiz talepleri reddedildi ve hiikiim
onandi. Kararm Corum 3. Asliye Ceza Mahkemesi'ne ve
Bolge Adliye Mahkemesi 1. Ceza Dairesi'ne gonderilmesine,
31.05.2021 tarihinde oy birligiyle karar verildi.”

BERT2GP-
T2

“Bu metinde, Bolge Adliye Mahkemesi 1. Ceza
Dairesinin 19.11.2019 tarihli 2018/1183 Esas, 2019/2565
Karar sayili kararinin temyiz edildigi ve dosyanin incelendigi
anlatilmaktadir. Incelemede, samigin TCK'nin 86/1, 86/3-e,
87/1-d-son, 29, 62. maddeleri uyarimca 2 yil 9 ay 10 giin
hapis cezasina mahkum edilmig olmasi nedeniyle 5271 sayili
CMK’nin 286/2-b maddesi geregince hitkmiin temyizi kabil
kararlardan oldugu belirlenmistir. Ancak incelemede, saniga
verilen kararin usuli iglemlerinin kanuna uygun oldugu an-

lagilmigtir ve katilan vekilinin temyiz itirazlar: reddedilmistir.”

Continued on next page
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Table 10 — continued from previous page

Source
GPT-2- “ereleyin vegazi veren taraf bir kurum olan limited ve daha fa-
Based zla ig s6zlegmesini sebebiyle niteliklunun ”3 y1l 4 ay’ hapis ceza-

sina mahkumiyetine iligkin" hiitkmiinii temyiz ettigi, Yargi-
tay Cumhuriyet Bagsavciligi tarafindan diizenlenen 15.06.2020
tarihli ve 2020/163 Esas, 2020/2572 Karar sayili ilaminda da
belirtildigi {izere, sanigin hiikmedilen ceza artirilmig ve agik-
landigr gibi, 5271 sayili CMK’nin 280/1-a maddesi geregince
de ilk derece mahkemelerinden verilen beg yil veya daha az
hapis cezalarini gerektiren nitelikli yagma olugturup olustur-
mayacagl tartigmasizdir. Agiklanmasina karar verilen hiikiimde
ise; Bolge Adliye Mahkemesince sanigin lehine zilyetlikleKarar-
malarini indiracak gekilde, paymma diigen oraninda haksiz

tahrik hitkiimlerinin”

End of table

Models generally generated better summaries when the decoder’s maximum output
was increased to 200 tokens. In Table 11, we present two summaries generated by two
different BERT2BERT models. One model was trained with a maximum output of 128
tokens, and the other with 200. The 128-token summary summary correctly identified
the general topic of the text as a guardianship law case. It also accurately described
that there were issues of jurisdiction involved in the case However there are inaccuracies
in mentioning specific entities such as the "Murath Peace Court" and "Ayvalik Public
Prosecutor’s Office", which are not in the original text. The role and terms associated
with the person under guardianship were also misinterpreted. The 200-token summary
effectively communicates the jurisdictional issues and that two different regional courts
were involved in examining the files. The notion of a person under guardianship and the
restriction on their ability to change the residence is also accurately captured. There
are few inaccuracies such as the original text doesn’t refer to the Turkish Civil Code’s
Article 411, which is included in the summary. The idea that the guardian was denied
the change of residence might also be a slight overinterpretation, as the original text

focuses more on the jurisdictional change that would occur with a change of residence.

In Table 12, we see that the summary generated with a 128-token output states that
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the case was examined by the Court of Appeals upon the acceptance of the plaintiff’s
appeal and that the decision was approved. However, the sentence “oy birligi ile 6100
sayill hmk’'nin gecici 3. maddesi geregince karar duzeltme yolu kapali oldu”(The path
to correct the decision was unanimously closed pursuant to the temporary article 3 of
the HMK numbered 6100) is not in accordance with the original text. The original
text suggests that the route for decision correction remains open for 15 days, not closed.
This information is accurately captured in the summary generated by the model with
a 200-token output, which also reports the acceptance of the plaintiff’s appeal and the
approval of the decision by the Court of Appeals. It mentions the 15-day period for
decision correction and the date of the decision, aligning more closely with the original

text.
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Table 11: Summary generation Sample 1 With Max Token Output 128 vs 200 For
BERT2BERT

Source

Orlglnal “Kisith hakkinda vesayet hukukuna iligkin olarak agilan davada Yalova Sulh Hukuk ve Istanbul
Anadolu 2. Sulh Hukuk Mahkemelerince ayr1 ayr:1 yetkisizlik karar: verilmesi nedeni ile dosyada

TeXt son karar bolge adliye mahkemelerinin faaliyete gegmesinden sonra verilmis ise de iki farkli bdlge

adliye mahkemesinin yarg: gevresinde kalan mahkemelerce karsilikli olarak yetkisizlik karari ver-
ildiginden ve 5235 sayilh Kanunun 36/3. maddesi geregince bolge adliye mahkemeleri hukuk
dairelerinin goérevinin yargi gevresi igerisinde bulunan adli yarg: ilk derece hukuk mahkemeleri
arasindaki yetki ve gorev uyusmazhklarini ¢6zmek oldugundan yarg: yerinin belirlenmesi igin
gonderilen dosya igindeki tiim belgeler incelendi, geregi diigiiniildii:- K A R A R -Dosya kap-
saminda yapilan incelemede Dairemizin 03/11/2020 giin, 2020/7624 Esas, 2020/9111 Karar sayili
ilami ile;*Dava, kisithinin taginmaz mallarinin satig: i¢in vasiye izin verilmesine iligkindir.Yalova
Sulh Hukuk Mahkemesi, davaci vekili tarafindan kisithnin adina dava dilekgesinde yazili tagin-
mazlarin satigina izin ve yetki verilmesine dair talep de bulunuldugu, davaci vekili tarafindan
2016/1442 esas sayili dosyada ...’nun kisitlanmasina dair vesayet davasi agildig1, mahkemece yapilan
yargilama sonunda 2016/1442 esas -874 karar ve 01/07/2019 tarihli ek karariyla yetkisizlik karari
verildigi satigsa izin dosyasinin da yetkili vesayet makaminca goriilmesi gerektigi, kisitlinin yerlesim
yeri "... Mah. Anka Cikmaz sokak ... Blok no ... Daire ... Kadikdy / istanbul" oldugundan
yetkili mahkemenin Istanbul Sulh Hukuk mahkemesi oldugu gerekgesiyle kisithnin taginmaz mal-
larinin satisin yetkilivesayet mahkemesinden isteneceginden davanin yetkisizlik nedeniyle reddine,
dosyanin yetkili ve gérevli Istanbul Nébetci Anadolu Sulh Hukuk Mahkemesine génderilmesine
karar verilmigtir.Istanbul Anadolu 3. Sulh Hukuk Mahkemesi, TMK 462/1 "Tasinmazlarin alimi,
satimi, devredilmesi ve bunlar iizerinde baska bir ayni hak kurulmas:", TMK 462/14 "vesayet al-
tindaki kisinin yerlesim yerini degistirmesi" vesayet makaminin iznine bagli oldugundan ve vesayet
makami olan Yalova Sulh hukuk Mahkemesinin 2016/1442 esas sayili dosyasinda TMK 412/1
geregi verilmis yerlesim yeri degisikligine izin ve yetkisizlik karar1 bulunmadig: ve kisithinin hentiz
vesayet makami degismemis oldugu gerekgesiyle mahkemenin yetkisizligine karar verilmigtir. Tiirk
Medeni Kanununun 411. maddesine gore, “vesayet iglerinde yetki, kiigiigiin veya kisitlinin yerlesim
yerindeki vesayet dairesine aittir. “Ayni1 Yasanin 19. maddesinde de; “Bir kimsenin ikametgahi,
yerlesmek niyetiyle oturdugu yerdir...” hiikiimlerine yer verilmigtir. TMK’nun 412. maddesinde,
vesayet makaminin izni olmadikga vesayet altindaki kiginin yerlesim yerini degistiremeyecegi belir-
tildiginden, bu durumda, vesayet makami olanYalova Sulh Hukuk Mahkemesinin 04.07.2017 tarih

)

ve 2016/1442 E. - 2017/874 K. sayili ilami karar ile kisitlanmasina karar verilen ...’nun ...'in
vasisi olmasina karar verildigi,Yalova Sulh Hukuk Mahkemesi tarafindan kisithlarin ikametgahinin
degistirilmesine izin verilmedigine gdre uyusmazhigin Yalova Sulh Hukuk Mahkemsinde goriiliip
¢ozlimlenmesi gerekmektedir.” geregine deginilerek kisitlinin taginmaz mallarinin satis: igin vasiye
izin verilmesi dosyasinda Yalova Sulh Hukuk Mahkemesinin yarg: yeri olarak belirlenmesine karar
verildigi anlagilmaktadir.Dava, satigsa izin dosyasinda vasinin hissedar olmasindan dolay1 menfaat
catigmasi olabileceginden yeni kayyim atanmas: istemine iliskindir.Yalova Sulh Hukuk Mahkemesi,
davac vekili tarafindan Yalova Sulh Hukuk Mahkemesinin 2018/952 Esas sayil1 dosyasinda kisitliya
ait tasinmazin satisinin yapilmas: i¢in kayyim tayin edilmesi yéniinde karar verildigini, kayyim
tayin edilmesi yoniinde verilen karar geregi, kendilerine kayyin ettirilmesi amaciyla gerekli izin ve
yetki belgesinin 11/02/2019 tarihinde verildigini belirterek kayyim atanmasin talep ettigi, kisitlinin
uyap sisteminden alinan niifus kayitlarinin tetkikinde, adresinin adresinin "... Mah. ... Cikmaz
Sk. No:...i¢ Kap1 No:.. /iSTANBUL” oldugu, kayyim adayinin annesinin Istanbul’da yasadigin
beyan ettigi gerekgesiyle yetkisizlik karari verilmi§tiristanbul Anadolu 2. Sulh Hukuk Mahkemesi
ise, kendisine kayyim tayini talep edilen kisitlinin yerlesim yeri adresi degistiginden bahisle yetki-
sizlik karari verilmig ise de istanbul Anadolu 21. Sulh Hukuk Mahkemesinin 2020/120 esas sayili
dosyasinda kars1 yetkisizlik karar: nedeniyle merci tayini yapildig1 ve vesayet dosyasinin Yalova
Sulh Hukuk Mahkemesinin 2020/987 esas sayili dosyasinda devam ettigi, dava tarihi itibariyle
yetkili mahkemenin tayin edilecegi, dava tarihi itibariyle ve halen kisitlinin Yalova Sulh Hukuk
Mahkemesi yetki gevresinde ve bu mahkemenin vesayeti altinda bulundugu, kisithya kayyim tayin
edilmesi yoniinden vesayet makaminin bulundugu yerdeki sulh hukuk mahkemesi yetkili oldugu,
buna gére de Yalova Sulh Hukuk Mahkemesinin kesin yetkili mahkeme oldugu gerekgesiyle yetkisi-
zlik karari verilmigtir. Tiirk Medeni Kanununun 426. maddesinde "Vesayet makami, asagida yazil
olan veya kanunda gosterilen diger hallerde ilgilisinin istegi lizerine veya re’sen temsil kayyimi
atar. Bir iste yasal temsilcinin menfaati ile kiigliglin veya kisitlinin menfaati gatisiyorsa..." hiitkmii;
431. maddesinde ise "Vasinin atanmas1 ustliine iligkin kurallar, kayyim ve yasal danigmanin atan-
masinda da uygulanir." hiikkmii getirilmistir.Diger yandan, ayni1 Kanunun 411. maddesine gére de,
"Vesayet iglerinde yetki, kii¢ligiin veya kisitlinin yerlesim yerindeki vesayet dairelerine aittir." “Ayni
Kanunun 19. maddesinde de; “Bir kimsenin ikametgahi, yerlegsmek niyetiyle oturdugu yerdir...”
hiikiimlerine yer verilmistir. TMK’nin 412. maddesinde, vesayet makaminin izni olmadikca vesayet
altindaki kiginin yerlesim yerini degistiremeyecegi hiikiimlerine yer verilmigtir.Dosya kapsamindan,
Yalova Sulh Hukuk Mahkemesinin 04/07/2017 tarih ve 2016/1442 E. - 2017/874 K. sayili ilamm
ile kisitlanarak, ...”in vasi olarak atandig, vesayet makami olan Yalova Sulh Hukuk Mahkemesi
tarafindan kisithilarin ikametgahinin degistirilmesine izin verilmedigine gére uyugmazhgin Yalova
Sulh Hukuk Mahkemesinde goriiliip ¢oziimlenmesi gerekmektedir.Yukarida agiklanan nedenlerle,
6100 sayilh HMK’nin 21 ve 22. maddeleri ve 5235 sayili Kanunun 36/3. maddesi geregince Yalova
Sulh Hukuk Mahkemesinin YARGII&Ri OLARAK BELIRLENMESINE, 31/05/2021 giiniinde
oybirligiyle karar verildi.”

Continued on next page




Table 11 — continued from previous page

Source

Reference

Summary

“Bu metin, Yalova Sulh Hukuk Mahkemesi ve Istan-
bul Anadolu 2. Sulh Hukuk Mahkemesi arasinda bir
yetki uyusmazligina iliskin bir hukuk davasini anlat-
maktadir. Davanin konusu, kisith bir kiginin taginmaz mal-
larinin satis1 igin vasiye izin verilmesi ve kayyim atanmasi
istemidir. Iki farkli mahkeme ayr1 ayr yetkisizlik karar
vermistir. Yalova Sulh Hukuk Mahkemesi, davann Istan-
bul Sulh Hukuk Mahkemesi yetkisinde oldugunu, Istanbul
Anadolu 2. Sulh Hukuk Mahkemesi ise Yalova Sulh Hukuk
Mahkemesi’nin yetkili oldugunu belirtmistir. Ancak, incele-
nen tiim belgeler sonucunda, vesayet makaminin bulundugu
Yalova Sulh Hukuk Mahkemesi’nin yargi yeri olarak belirlen-
mesine karar verilmistir. Bunun nedeni, kisithnin ikamet-
gahinin degistirilmesine Yalova Sulh Hukuk Mahkemesi
tarafindan izin verilmemesi ve kisitlinin vasi olarak
atanmasinin bu mahkeme tarafindan gergeklestirilmis

olmasidir.”

BERT2BE-
RT (128)

“bu metin, bir vesayet hukuku davasi hakkinda bilgi veriyor.
murath sulh hukuk mahkemesi ve ele gecen tasinmazlarin
kadastro tespiti icin acilmistir. ancak, davali vekili tarafin-
dan yetkisizlik karari verilmistir. dosya incelendiginde,
kisith adayin yerlesim yeri bakimindan ayvalik cumhuriyet
bassavciligina tevdi edilmistir. istanbul anadolu 2. sulh hukuk
mahkemeleri de ayni karar1 vermistir. kisith kisitlanmis ve vasi
olarak atanmistir. vesayet makaminin izni olmadan kisith yer-
lesim yerini degistiremez. yerlesim yerinin degismesi halinde

yetki yeni vesayet dairelerine gecer.”

Continued on next page
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Table 11 — continued from previous page

Source

BERT2BE- | Tiirk Medeni Kanunu'nun 411. maddesi geregince, vesayet
RT (200) islerinde yetki kii¢lik veya kisitlinin yerlegim yerindeki vesayet
dairesine aittir. Kisitlinin taginmazin satisi igin yetkisiz-
lik karar: verilmis ve Yalova Sulh Hukuk Mahkemesi
tarafindan vesayet altina alinmigti. Ancak, iki farkli bolge
adliye mahkemesi yarg1 yeri olarak belirlenmis ve dosyalar in-
celendi. Sonug olarak, kayyimin yerlesim yeri degisikligine izin
verilmemis ve vesayet dosyasinin davaliya ait olmas1 gerektigi

belirtilmistir.”

End of table

Table 12: Summary generation Sample 2 With Max Token Output 128 vs 200 For
BERT2BERT

Source
Original “Taraflar arasindaki kira s6zlesmesinden kaynaklanan alacak
Text davasinin mahkemece yapilan yargilamasi sonucunda, da-

vanin kismen kabuliine yonelik olarak verilen hiikmiin, stiresi
icinde davaci vekili tarafindan temyiz edilmesi iizerine; temyiz
dilekgesinin kabuliine karar verildikten sonra, dosya igerisin-
deki biitiin kagitlar okunup geregi diigtiniilldi:Y AR GIT A
Y K A R A R IDosyadaki yazilara, kararin bozmaya uygun ol-
masina ve delillerin takdirinde bir isabetsizlik bulunmamasina
gore, yerinde goriilmeyen biitiin temyiz itirazlarinin reddi ile
usul ve kanuna uygun olan hitkmiin ONANMASINA, 6100
sayilit HMK’'nin gegici madde 3 atfiyla 1086 sayili HUMK’nin
440.maddesi geregince kararin tebliginden itibaren 15 giin-
liik siire icerisinde karar diizeltme yolu acgik olmak

iizere, 31032021 tarihinde oy birligi ile karar verildi.”

Continued on next page
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Table 12 — continued from previous page

Source

Reference

Summary

“Yargitay, dosyadaki yazilara ve delillere dayanarak davanin
kabuliine yonelik olarak verilen hiikmiin onanmasina karar
verdi. Karar diizeltme yolu, tebliginden itibaren 15 giinliik
siire icerisinde acik olmak iizere 31032021 tarihinde

oy birligi ile karar verildi.”

BERT2BE-
RT (128
Max to-
ken)

“yargitay, davaci vekilinin temyiz dilekcesinin kabulu uzer-
ine dosya icerisindeki butun kagitlar incelendi ve usul ve ka-
nuna uygun olan hukmun onanmasina karar verildi. kararin
duzeltme yolu 15 gunluk sure icerisinde aciktir. oy birligi
ile 6100 sayili hmk’nin gecici 3. maddesi geregince karar

duzeltma yolu kapali oldu.”

BERT2BE-
RT (200
Max to-
ken)

“yargitay, davaci vekilinin temyiz dilekcesinin kabulu uzer-
ine dosya icerisindeki butun kagitlar incelendi ve usul ve ka-
nuna uygun olan hukmun onanmasina karar verildi. kararin
duzeltme yolu 15 gunluk sure icerisinde aciktir. oy birligi ile
31 03 2021 tarihinde verildi.”

End of table

4.4.2 Model Strengths and Weaknesses

Table 13: Comparison of weaknesses and strengths of each model

Method Strengths Weaknesses

Extractive | Higher ROUGE  scores; Lack of novel text genera-

Methods longer summaries with more tion.
detail.

Abstractive | Generation of new text; ex- Lower ROUGE scores; out-

Methods pert approval for practicality put limitations; incomplete
in legal contexts. or cut-off sentences.

BART Highest ROUGE  score Incomplete sentences affect-
among abstractive models. ing quality.

Continued on next page
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Table 13 — continued from previous page

Method Strengths Weaknesses
T5 Good at emphasizing key Unrelated content genera-
types of crimes. tion; misses crucial informa-

tion due to syntax or length

constraints.
BERT2BE- | Captures summaries effec- May miss crucial reasoning
RT  Vari- | tively. information to maintain sen-
ants tence syntax and length.
BERT2GP- | Capable of generating novel Hallucinations issues due to
T2  Vari- | text. GPT?2 in the decoder.
ants
GPT-2 Generation of novel text. content relevance and com-

pleteness issues.

End of table

4.4.3 Implications for Legal Practice

e Balance Between Accuracy and Coherence: Legal language summarization
demands a delicate balance. While extractive methods score higher in terms of
accuracy (as measured by ROUGE scores), abstractive methods are better at
generating coherent and fluent summaries. However, they sometimes struggle
with maintaining the accuracy and relevance of the content, particularly in legal

contexts where every detail can be crucial.

e Importance of Domain-Specific Adaptation: Legal texts often contain
complex structures and specialized terminology. This necessitates models like
BERT2BERT, which, while capturing summaries effectively, may miss crucial
reasoning details. Tailoring models to better understand and reproduce legal

reasoning and jargon is essential.

e Challenge of Maintaining Contextual Integrity: Models like T5 and
BERT2GPT?2 illustrate the challenges in maintaining contextual integrity. T5
sometimes generates content unrelated to the main legal arguments, and
BERT2GPT2 has hallucination issues. Ensuring that summaries stay true to

the original context and content is critical in legal summarization.
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e Need for Expert Validation: The use of domain experts to evaluate the prac-
ticality of summaries underscores the importance of human judgment in assessing
the quality of legal summaries. Automated metrics like ROUGE scores are not

always sufficient to capture the nuances required in legal documents.

e Potential for Complementary Use of Models: Because each model has its own
strength points as well as limitations, a blend of models could give more effective
results. For instance, combining extractive methods for accurately capturing
crucial details with abstractive methods for coherent and concise rewriting could

enhance the overall quality of legal document summaries.

e Consideration of Summary Length and Detail: The length and level of detail
in summaries are significant factors. Extractive methods tend to produce longer
summaries due to their ratio factor, which can be beneficial in covering more
content but might also lead to verbosity. In contrast, abstractive models, with
their fixed output lengths, may create more concise summaries but risk omitting

essential information.
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5 CONCLUSIONS AND FUTURE WORK

5.1 Summary of Findings

Our study conducted a thorough analysis of various NLP architectures, focusing on their
application in summarizing legal Turkish texts. The findings revealed that transformer-
based Seq2Seq models, such as BART and T5, have significantly advanced the field of
NLP, especially in abstractive summarization. These models outperform traditional
decoder-based models in terms of generating more coherent and contextually relevant
summaries. However, they sometimes struggle with accuracy and maintaining the
integrity of complex legal reasoning. Extractive methods, while less advanced in terms
of linguistic generation, showed higher accuracy in terms of ROUGE scores, yet lacked

the ability to reformulate and condense text effectively.

5.2 Contributions

This study makes several key contributions to the field of NLP and legal text summa-

rization:

5.2.1 Novel Datasets

We introduced a novel dataset comprising 13,000 ChatGPT-labeled text-summary pairs
for training and 2,922 human-labeled pairs for testing. This dataset is specifically
tailored for the task of summarizing legal Turkish texts and is expected to be a valuable

resource for future research in abstractive summarization.

5.2.2 Contribution in Turkish Legal Summarization

Our work contributes to the understanding of how different NLP models perform in the
context of Turkish legal text summarization. By comparing various architectures, we
provide insights into their applicability and effectiveness in a domain that has unique
linguistic and structural challenges. This study paves the way for more targeted and

effective summarization approaches in legal contexts.
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5.3 Limitations

This study, while comprehensive in its scope, encounters several limitations that must

be acknowledged:

Inadequacy of ROUGE Scores: The use of ROUGE scores as the primary metric
for evaluation may not effectively capture the quality of abstractive summarization.
ROUGE focuses on overlap with reference texts, which may not fully represent the

summarization capabilities of abstractive models.

Bias Towards Extractive Methods: The test dataset, being extractively labeled,
inherently favors models that are more aligned with extractive summarization techniques.
This introduces a bias in evaluating performance, potentially undervaluing the nuances

of abstractive methods.

Limitations in Handling Longer Documents: The current analysis focuses on
models with a maximum token limitation. This constraint means that the study does
not fully address the challenges associated with summarizing longer documents, which

may require different approaches or models.

Generalization Concerns: The findings, while significant for Turkish legal texts, may
not be directly applicable to other languages or legal systems, limiting the generalizability

of the results.

5.4 Future Work

Considering the limitations and the evolving landscape of NLP, several avenues for

future work are proposed:

Exploring Models for Longer Documents: Future research should focus on models
like Reformer and Longformer Encoder Decoder(LED) that are designed to handle longer

sequences. This will address the current gap in summarizing extensive legal documents.

Cross-Language Model Adaptation: Fine-tuning models that have shown success
in English legal summarization and then transferring this learning to the Turkish legal

domain can offer novel insights and enhance model performance across languages.

Investigating Deviations in Model Focus: A deeper analysis into why models like
BERT2BERT, BERT2GPT2, and T5 tend to deviate from crucial areas of information

in legal texts is necessary. Understanding these tendencies will be crucial in developing
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more accurate and reliable summarization models.

Enhanced Evaluation Metrics: Developing or adopting more nuanced evaluation
metrics beyond ROUGE scores will be essential. These metrics should better capture
the effectiveness of abstractive summarization in preserving crucial legal information

and context.

Diverse Dataset Development: Expanding the dataset to include a wider range of
legal texts, possibly from different legal systems and languages, will help in refining the

models and making the findings more generalizable.
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