Contemporary LLMs struggle with extracting formal legal arguments
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Abstract

Legal Argument Mining (LAM) is a complex
challenge for humans and language models
alike. This paper explores the application of
Large Language Models (LLMs) in LAM, fo-
cusing on the identification of fine-grained ar-
gument types within judgment texts. We com-
pare the performance of Flan-T5 and Llama
3 models against a baseline ROBERTa model
to study if the advantages of magnitude-bigger
LLMs can be leveraged for this task. Our study
investigates the effectiveness of fine-tuning and
prompting strategies in enhancing the models’
ability to discern nuanced argument types. Al-
though the tested models succeed at implement-
ing the task in a generative fashion, our findings
indicate that neither fine-tuning nor prompting
could surpass the performance of a domain-pre-
trained encoder-only model. This highlights the
challenges and limitations in adapting LLMs
to the specialized domain of legal argumenta-
tion. The insights gained from this research
contribute to the ongoing discourse on optimiz-
ing NLP models for complex, domain-specific
tasks. Our code and data for reproducibility are
available at https://github.com/trusthlt/
legal-argument-spans.

1 Introduction

Mining legal arguments is the task of identifying,
classifying and structuring argumentative units in a
legal document. Early works on argument mining
in the legal domain considered generic types of ar-
guments, such as claim and premise (Mochales
and Moens, 2011). Recent works have shifted
towards a legal theory inspired typology of ar-
gumentation (Habernal et al., 2024; Liiders and
Stohlmann, 2024). Finegrained argument schemes
can help legal scholars in structuring and analyz-
ing legal documents, allowing insights into form
and strategy of the presented argumentative content.
However, the larger inventory of categories, as well
as the granularity and complexity make the task of

identifying specific argument types more challeng-
ing. A layperson would find the categories difficult
to comprehend and even domain experts typically
require instructions, additional context and training
to identify the arguments in text. Despite this, the
majority of existing works classify argument spans
with a limited context in the given legal document
(e.g., only a single paragraph). This design choice
is mostly due to the limited input size of the used
models. However, the quantitative legal analysis
of Habernal et al. (2024, p. 583) clearly shows that
the lack of contextual information inevitably leads
to a drop in prediction performance.

Contemporary decoder-only LLMs offer two
main advantages over the early encoder-based mod-
els, namely the capability to ingest very large input
documents and the in-context learning (ICL) abili-
ties without the need of expensive fine-tuning. We
hypothesize that these features would help us over-
come the difficulties in mining legal arguments.
However, the research community on legal argu-
ment mining lacks the empirical evidence whether
LLMs can be used with more complex argumenta-
tion schemes. We aim to address this gap in this
work.

First, we look into how encoder-decoder and
decoder-only models can be used to mine fine-
grained legal arguments in long documents. Sec-
ond, we investigate how additional information and
context in the input affects the performance. We hy-
pothesize that the additional context which LLMs
are able to ingest will further boost the performance
of the argument extraction and classification. We
explore the potential of in-context learning and
fine-tuning.

We use the LAM:ECHR dataset (Habernal et al.,
2024), which contains an expert-crafted legal argu-
ment scheme. We reformat the dataset and test it
with the contemporary LLMs Flan-T5 and Llama
3, attempting to improve upon the state-of-the-art
performance on the dataset. We also explore the in-
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clusion of additional context to the input paragraph,
as well as supplying the models with annotation
guidelines to further boost the understanding of the
label categories.

2 Related Work

Argument Mining (AM) describes the extraction
and analysis of natural language into argumenta-
tive components to enable their study in a variety
of applications and domains (Palau and Moens,
2009; Cabrio and Villata, 2018). Traditionally, the
process of mining arguments is often split into mul-
tiple subtasks considering argument components,
roles and relationships (Stab and Gurevych, 2017).
Although these tasks are usually formulated as a
classification problem, the emerge of LLMs has
enabled the possibility of using new techniques,
such as prompt-based extraction or generative ap-
proaches. One such approach is successfully im-
plemented by Kawarada et al. (2024), who extend
the idea of generating a structured label format
from input which was first introduced by Paolini
et al. (2021) to the task of argument mining. By
fine-tuning Flan-T5 (Longpre et al., 2023) for the
different subtasks span identification, component
classification and relation classification, they show
the potential of this technique on the established
argument mining datasets containing persuasive es-
says (AAEC) (Stab and Gurevych, 2017), medical
abstracts (AbstRCT) (Dernoncourt and Lee, 2017)
and comments on Consumer Debt Collection Prac-
tices (CDCP) (Park and Cardie, 2018). The key
point of this technique is the application of the
identification and classification jointly into the out-
put text generated by the decoder. This way the
decoder will generate a copy of the input sequence
with in-text annotations and labels. It remains to
be seen if this approach is transferable to a richer
argument typology and longer contextualized input
sequences, since the tested datasets contain short
documents and broader argument schemes.

A different approach is pursued by Cabessa et al.
(2025), in which a range of contemporary LLMs
are fine-tuned for individual argument mining sub-
tasks across the same datasets. Contrastive to
the previous approach, the desired LLM output
is in a structured format. The best performance is
achieved by fine-tuning Llama 3.1 8B (Grattafiori
et al., 2024) which reaches state-of-the-art perfor-
mance on all datasets and tasks. Cabessa et al.
(2025) also investigate the influence of context,

comparing a paragraph-level and an essay-level
classification and find that in some cases an ex-
tended context can boost the performance.

2.1 Legal Argument Mining

Legal Argument Mining as a domain-specific form
of AM focuses on extracting arguments from legal
texts based on argumentation schemes stemming
from the legal domain. These schemes can range
from a form similar to AM with premise, conclu-
sion, clause and relation (Poudyal et al., 2020) to
domain-specific forms, such as issue, reasons, con-
clusion (Elaraby and Litman, 2022; Xu et al., 2020).
Prompting LLMs like GPT-4 has also been proven
to work for LAM using the labels premise and con-
clusion on the ECHR-AM corpus (Poudyal et al.,
2020) as shown by Al Zubaer et al. (2023).

A substantially more granular distinction of le-
gal argument types was proposed by Habernal et al.
(2024), who introduced the LAM:ECHR dataset
consisting of 373 ECHR judgment documents, an-
notated by legal experts. The annotations are made
up of 15 formal legal argument types and the task
is interpreted as a span prediction task using a
token-wise BIO-tagging scheme. The current state-
of-the-art performance on this dataset is achieved
with pretrained RoOBERTa (Liu et al., 2019) and
Legal-BERT (Chalkidis et al., 2020) models trained
for token-wise classification. Highly represented
classes such as “O” (i.e., no argument), “Applica-
tion to the concrete case” and “Precedents ECHR”
perform well with over 80% F1-score. However,
some labels, most notably the ones with a low rep-
resentation in the dataset only achieve very low
scores or even zero, which leads to 43.13% macro
F1-score for the best model, a RoBERTa model
which received legal pretraining. To the best of
our knowledge, there are no works exploring the
LAM:ECHR dataset further in the scope of argu-
ment mining.

3 Methodology

Our overall methodology is as follows. First, we
cast the BIO-tagged LAM:ECHR dataset into a
format which is more suitable to be passed to the
LLMs of our choice. Because of this, we also
need to adjust the evaluation metric to suit the ex-
pected predictions better; see in detail in the next
subsection. We then fine-tune Flan-T5-XXL, try-
ing to replicate the good performance the model
demonstrated in the related in-text annotation ap-
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Case ID 001-61184
Paragraph ID 23

Input 79. There has accordingly been a violation of that
provision.

Gold Label 79. [begin_of_annotation] There has
accordingly been a violation of that provi-
sion. [end_of_annotation] Decision ECHR
[end_of_label]

Context 77. It should not be forgotten that the interests
of the child are paramount in such a case, which
is why the Portuguese authorities may be right in
considering that parental responsibility must now
be granted to the mother. [...] 78. Having regard to
the foregoing, and notwithstanding the respondent
State’s margin of appreciation in the matter, the
Court concludes that [...]

Figure 1: An example datapoint from the reformatted
LAM:ECHR dataset.

proach (Kawarada et al., 2024). To leverage larger
context windows and for the general advantages
of contemporary LLLMs, we also experiment with
two models from the Llama family, Llama 3.1 8B
and Llama 3.3 70B, based on the success of those
models for similar tasks in other domains (Cabessa
et al., 2025). We then explore strategies to enhance
and improve our approach by extending the context
for each input and including explanations for each
label by adding the original annotation guidelines
of the dataset.

3.1 Dataset

The original token-based dataset is not suited for
prompting or fine-tuning an LLM. Without vio-
lating the split intended in the original dataset,
we reformat the token-based annotated data into a
paragraph-level dataset with annotated spans. Due
to the reinterpretation, the distribution of labels is
different to the original distribution; the numbers
are shown in Table 1. We focus only on the for-
mal legal argument types and ignore the annotated
roles, as these were rather well identifiable in the
original work already.

Span annotation formalization. The task can
now be interpreted as: For a given paragraph of
a legal judgment document, identify the argument
spans and classify the formal legal argument types.
The expected outcome as seen in Figure 1 is the
original input text, along with tags which denote
the begin and end of an argument as well as a label

and a tag for the end of the label.

Follwing Kawarada et al. (2024), we chose
the descriptive tags ‘[begin_of_annotation]’,
‘[end_of_annotation]’ and ‘[end_of_label]’
as delimiters.

Various sizes of context. The annotation guide-
lines which were used to create LAM:ECHR sug-
gest that in order to correctly label a paragraph,
the annotator has to be aware of previous para-
graphs and each paragraph “must always be read
in context”. We want to test whether contextual in-
formation which a human expert needs to identify
arguments is also helpful in model training. Based
on the reformatted dataset, we create four varia-
tions which include different amounts of context.
The original version only contains the paragraph
to be annotated with no additional context, while
the variants include a context window of n (unan-
notated) previous paragraphs before the target para-
graph (if applicable). We create the variants with
a context window of 2 and 4 paragraphs. The last
version consists of the entire text in each judgment,
reducing the dataset to 356 annotated full judgment
documents in the training set and 37 in the test
set. The prompt format alone increases the maxi-
mum input size of the dataset to over 2,600 tokens.
Adding context further increases the maximum in-
put to more than 3,500 tokens and processing the
entire document at once requires up to 260,000
tokens. The annotation guidelines which provide
explanations on the label classes need an additional
1,700 tokens. Such an input size is something that
only contemporary LL.Ms with large input windows
can handle.

3.2 Evaluation

A fair comparison to the best established baseline
on the dataset requires a re-evaluation of the orig-
inal predictions which are encoded as token-level
BIO. While the token-based evaluation has the ad-
vantage of accounting for partially correct spans, it
also values longer argument spans more than short
argument spans.

In our reformulation of the dataset, we consider
a span as classified correctly if it is identified at
the correct position in the text and labeled with
the correct class. To also consider partially correct
spans, in which just a few tokens are outside or
additionally inside the argument unit, we introduce
a relaxation in the evaluation of a correct span po-
sition in the text. We argue that the exact token
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Argument type F1 Freq.
Application to the concrete case 0.80 851
Precedents of the ECHR 0.80 214
Test of the principle of proportionality - Proportionality 0.48 178
Decision ECHR 0.72 130
Test of the principle of proportionality - Legal basis 0.50 71
Non contestation by the parties 0.77 28
Test of the principle of proportionality - Legitimate purpose  0.75 18
Distinguishing 0.43 16
Margin of appreciation 0.74 12
Teleological interpretation 0.14 12
Comparative law 0.50 2
Overruling 0.00 1
Test of the principle of proportionality - Suitability 0.00 1
Textual interpretation 0.00 1
Systematic interpretation 0.00 1
Macro avg 0.41 1536

Table 1: Label frequencies in the test set of our modified version of LAM:ECHR along with the RoOBERTa baseline
scores predicted by the best performing model which we replicated following Habernal et al. (2024). We evaluated
the outputs by the metrics described in section 3.2 using a threshold of 10%.

Gold (][ 00oco

A) DOOO0d 0o ¢
B) OO O 0oobo X
C) 0O00OO0oda 0oooo X

Figure 2: Each box represents a token. An argument
span is accepted if the start and end of the span are
within a certain threshold % of the original length of the
argument. A) shows an accepted partially correct span,
B) is separated into two spans and neither span is within
the threshold of the ground truth, C) is not within the
acceptance threshold.

at which an argument begins or ends is not impor-
tant, as long as the core meaning of the argument is
captured in the predicted span. We therefore allow
some variation in the exact delimiters of the span,
by accepting a span position as correct if the start
and end tokens are within a certain threshold (0, 10,
and 20%) of the original length of the argument.
Especially for the usually numbered paragraphs in
the dataset, this relaxed metric for example allows
the argument to begin with the paragraph number
or without it. Figure 2 shows an example of this
relaxed evaluation. For the evaluation in this work,
a threshold of 10% is used and we compare the
changes in performance introduced by the relax-
ation.

Our approach jointly identifies and classifies an
argument. The performance is measured based
on the final F1-score of the argument component
classification (ACC) which by design also includes

the prior detection of the argument span. Due to
the high imbalance of classes in the dataset, we
report the macro-average F1-score alongside the
weighted-average Fl-score. We can derive the
model’s ability for argument component identi-
fication (ACI) by replacing the exact label with
“argument”, thus simplifying the classification
into a binary problem of argumentative and non-
argumentative tokens in the text. This serves as
an auxiliary metric to see if the model is able to
extract argumentative content correctly at all. The
reported score is the weighted-average F1-score.
This also helps us to estimate the performance of
the classification of ‘no argument’, which is not
considered in our dataset format, contrastive to the
original BIO token-level format, which includes
the ‘O’ tag.

Additionally, we need a metric to observe how
well the model learns to stick to the required output
format. For this, we report the percentage of para-
graphs that received a correctly formatted output. If
a single token differs after masking the annotation
tags and labels of the output, the entire paragraph is
considered invalid. The score is reported as ‘Output
Format Validity’.

3.3 Fine-tuning Flan-T5

We take the most successful model used
by Kawarada et al. (2024), Flan-T5-XXL, as a start-
ing point and fine-tune it for the task of identify-
ing and classifying the arguments in the modified
LAM:ECHR dataset. We train a LoRa (Hu et al.,
2022) adapter for 2 epochs on the dataset. Because
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Flan-T5 is not trained on long documents, we only
fine-tune the model with paragraph-level input, as
defined in the initial version of our modified dataset.
This experiment serves as a starting point to see if
in-text annotations can be used in conjunction with
legal argument types.

3.4 Fine-tuning Llama 3

As Cabessa et al. (2025) have proven the Llama
model family to be a viable contender for argu-
ment mining, we also fine-tune Llama 3.1 8B In-
struct and Llama 3.3 70B Instruct. This gives us
the opportunity to test a contemporary decoder-
only model and observe differences in perfor-
mance depending on the model size. Due to the
computational costs, we limit all fine-tuning to
(Q)LoRa (Dettmers et al., 2023) adapters and 4bit
quantization for the 70B model. We train all mod-
els for 1 epoch and use a prompt format including
instructions, context and input as shown in Fig-
ure 3.

Experiments with ICL To test the general ca-
pabilities of the models, our first experiment vari-
ant makes use of ICL samples to make the model
adhere to the output format and test the out-of-
the-box performance on identifying complex legal
argument types. We hand-pick 4 samples from
the training data with different argument type la-
bels. The major difficulty of this task is steering
the model towards the desired output format and
having it assign a valid label.

Experiments with Fine-tuning In our second
round of experiments, we fine-tune the models
without additional context, giving them just a single
paragraph. This approach is mirroring the method
used for fine-tuning Flan-T5.

Experiments with more context In the next
round, we include additional context in the prompt
with the context windows adding two and four pre-
vious paragraphs, respectively. The additional con-
text should help the model better understand the
current paragraph. To make use of the large context
window of the LLlama models, we also train with
the full documents for maximum context. This
way, the model has all relevant information about
the case available. For these experiments we in-
crease the number of epochs to 5 to make up for
the decreased amount of training samples. Due
to computational constraints, we limit the training
data to samples with less than 30,000 tokens.

Experiments with annotation guidelines For
the next more advanced experiments, we ac-
quire the annotation guidelines used to create
LAM:ECHR. These guidelines contain descrip-
tions of the labels as well as examples. We hypoth-
esize that giving the model a better understanding
of the labels should improve the performance. The
guidelines can be found in Appendix B. We include
the guidelines in our prompt.

3.5 Training details

For reproducibility and full transparency, the code
of all experiments is available at https://github.
com/trusthlt/legal-argument-spans. All the
training details, including epochs, parameters, con-
figuration, evaluation, etc. are available in the
scripts and README.md documents. All experi-
ments were conducted on one NVIDIA A100 80GB
GPU.

3.6 Additional experiments with legal LL.Ms

Apart from the aforementioned models, we also
experiment with several other leading legal LLMs,
such as Lawma (Dominguez-Olmedo et al., 2024)
and SaulLM (Colombo et al., 2024). Unfortunately,
we were unable to fine-tune these models for our
task, such that we do not include them in the main
result section. Nevertheless, we believe that these
additional experiments highlight the difficulty of
adapting LLMs to a complex task like LAM.

Lawma 8B This legal language model is based
on Llama 3 8B and specifically trained for legal
text classification tasks, making it a good candidate
for our experiments. However, after fine-tuning,
the model still defaults to the short classification-
style answers which it was originally trained on and
ignores the output format that we require entirely.

SaulLM 7B Similar to Lawma, the model is a
good candidate because of its specific legal pretrain-
ing. After fine-tuning for our task, the model still
gives explanatory and “chatty” answers, refusing
to adhere to the output format.

4 Results

Table 2 shows the results of our experiments for
fine-tuned Flan-T5-XXL, Llama 3.1 8B Instruct
and Llama 3.3 70B Instruct compared to the origi-
nal baseline.
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Model Configuration ACI ACC Output‘l;;)llixilt
F1  macro F1  weighted F1 y

Leg-RoBERTaL-15k — context =0 0.97 0.41 0.73 1.000
Flan-T5-XXL —context =0 0.96 0.32 0.69 0.998
—-ICL 0.37 0.19 0.29 0.620

—context =0 0.95 0.29 0.69 0.992

— context =2 0.96 0.27 0.70 0.991

Llama 3.1 8B Instruct — context = 4 0.95 0.26 0.70 0.984
—context =4 + AG 0.96 0.27 0.69 0.986

— full-document + AG  0.26 0.09 0.39 0.351

- ICL 0.40 0.21 0.37 0.643

—context =0 0.95 0.30 0.70 0.992

. — context =2 0.97 0.30 0.72 0.992

Llama 3.3 70B Instruct (4610) _ (ot = 4 0.97 0.30 0.73 0.991
—context =4 + AG 0.95 0.22 0.64 0.990

— full-document + AG  0.48 0.20 0.52 0.595

Table 2: Fl-scores calculated on the test dataset on Leg-RoBERTaL-15k (Habernal et al., 2024), Flan-T5-XXL,
Llama 3.1 8B Instruct and Llama 3.3 70B Instruct (4bit). ACI shows the weighted F1-score of argumentative and
non-argumentative components, ACC shows the macro and weighted F1-score for the joint task of identifying and
classifying a legal argument. Output format validity shows the percentage of correctly formatted outputs.

Flan-T5 The experiments using Flan-T5 achieve
an almost perfect output format validity, suggest-
ing that the encoder-decoder model is able to eas-
ily learn how to produce the correct output for-
mat. The high score for ACI also suggests that
the model can learn how to identify argumentative
and non-argumentative components. In terms of
classification, the model is able to learn the differ-
ent argument types decently, but stays below the
baseline for both weighted F1-score and macro F1-
score. The lower macro F1-score also hints at a
better performance for more frequent labels, while
infrequent labels are misclassified more often. This
is also confirmed when looking at the individual
label classification scores in Table 3. Still, Flan-T5
is able to outperform the other models for the la-
bels “Non contestation by the parties”, “Decision
ECHR” and “Test of the principle of proportional-
ity - Legitimate purpose”, but is beaten at all other
argument types.

Llama 3.1 8B Instruct The experiments based
on Llama 3.1 8B Instruct, although expected to out-
perform Flan-T5 due to its magnitude larger model
size, are just slightly worse in identifying argumen-
tative components as well as sticking to the output
format. All experiments with added context are
still able to achieve a good output format validity
and ACL The performance of these experiments
manages to stay roughly on par with Flan-T5, al-
though there is a slight decrease in macro F1-score
for the argument type classification. Added con-

text did not improve nor decrease the performance.
Adding annotation guidelines did also not change
the outcome for the context experiments.

In-context learning using only the base version
of the model without any fine-tuning performs sig-
nificantly worse compared to the context experi-
ments with only 62% of the outputs even being in
the correct format. As a result the performance
for argument type classification is also a lot worse
compared to the fine-tuned versions.

An especially bad performance can be observed
for the configuration using the full judgment doc-
ument as training data. This experiment only has
around 35% correctly formatted outputs and the
worst scores in every aspect out of all experiments.
Although there was no impact when adding the an-
notation guidelines to the paragraphed input, it is
possible that the input size using the full document
alongside the annotation guidelines is simply too
large for the model to learn anything meaningful.
It is also possible that the large input size increases
the difficulty for the model to learn the correct out-
put format.

Llama 3.3 70B Similar to its 8B sibling, the
model is not able to adhere to the output format
and classify correctly using only ICL, even though
the overall classification scores are slightly better
than for Llama 3.1 8B in this configuration. Just
like the smaller model, the best scores are achieved
by finetuning with paragraph-level input. Although
the macro F1-score is still lower than Flan-T5, the
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weighted F1-score is on par with the baseline.

For the 70B variant, there is also a small increase
in performance observable when adding more con-
text with a context window of 4 showing the best
scores of all Llama experiments.

Contrary to the experiments on the smaller
model, adding annotation guidelines has a more
detrimental effect on performance. For the para-
graphed configuration, the output format validity
and component identification stay intact, which
leads us to believe that the annotation guidelines
cause the model to label with a more even distribu-
tion than the actual training data.

Using the entire document as input makes it dif-
ficult for the model to output the correct format and
detecting argumentative components also suffers,
although the drop is less severe than for Llama 3.1
8B.

A closer look at the individual argument type
classifications for the best performing models in
Table 3 shows that labels concerning the “Test of
the principle of proportionality” appear to be dif-
ficult for all models, but both Flan-T5 and Llama
3.3 70B exhibit extreme difficulty with these labels.
None of the tested models were able to improve the
performance for the underrepresented classes. The
best performing Llama model beat the baseline for
the three most prevalent labels, but trades off the
performance on other labels with a large drop in
performance for “Test of the principle of propor-
tionality - Legitimate purpose”, “Distinguishing”
and “Margin of appreciation”.

4.1 Evaluation strategy

To have a more relaxed notion of an identified ar-
gument span, we apply the previously introduced
relaxed acceptance threshold in our evaluation pro-
cess. This was originally implemented to ensure
that generative models were also credited for partial
matches.

Surprisingly, we find that a higher threshold al-
lows for more correct annotation for the baseline
model, but the gain in our fine-tuned models is
very limited. This shows that our models were
able to learn the annotation scheme and adopt rules
for identifying span borders from the training data.
Table 4 in Appendix C shows the gains for thresh-
old 10% and 20% compared to a strict evaluation
with 0% threshold. Nevertheless, a relaxed strat-
egy should be kept in mind for this task format,
otherwise “almost correct” matches could be un-
dervalued.

5 Discussion

We can make several observations from our exper-
iments. First of all, fine-tuning LLMs on the task
of adding annotations and labels in-text is feasible
even with a domain-specific legal dataset. We find
that reformatting the task into in-text annotations is
a possible avenue for the future of legal argument
mining outside of traditional formats like BIO even
in complex and difficult annotation schemes. After
just 1 epoch of training, the models are able to out-
put the required formats with proper labels. This is
an optimistic finding, given that newer and better
LLMs are introduced at a high frequency. And even
though the overall performance of our best trained
model could barely keep up with the ROBERTa
baseline, it is possible that scaling to much larger
models could outperform the baseline. Using an
LLM instead of an encoder model could also open
up the possibility to handle more difficult argument
annotations (i.e., legal argument relations) through
in-text classification.

Secondly, we hypothesized that including addi-
tional context or the full document would provide
a better understanding of the short paragraph and
help with argument classification. From the results,
however, we can surmise that the actual effect is
minimal. It is conceivable that we did not chose
the ideal method to incorporate context and a more
sophisticated method than merely adding previous
paragraphs is needed to draw the LLM’s full poten-
tial.

In a similar fashion, annotation guidelines did
not boost the performance either, which also leads
us to believe that the biggest struggle for LLMs is
the interpretation and understanding of the actual
labels. This could also imply that providing context
and guidelines is not sufficient to understand the
argument categories properly.

Despite the advancements of contemporary
LLMs in related works, successfully classifying
labels like premise and conclusion and even argu-
ment relations, the models we tested struggle with
handling the nuances of a complex legal argument
scheme. We can also hypothesize that due to the
nature of the arguments, which are based on the
formal meaning of the argument, encoder models
might be better suited by design to pick up standard-
ized formulations and keywords which are often
used in judgment documents.

Fine-tuning has proven to be the best technique
to ensure adherence to the correct output format,
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Argument Type Baseline Flan-T5 Llama 3.3 70B
Application to the concrete case 0.80 0.77 0.81
Precedents of the ECHR 0.80 0.79 0.83
Test of the principle of proportionality - Proportionality 0.48 0.38 0.57
Decision ECHR 0.72 0.75 0.67
Test of the principle of proportionality - Legal basis 0.50 0.40 0.50
Non contestation by the parties 0.77 0.77 0.64
Test of the principle of proportionality - Legitimate purpose  0.75 0.79 0.29
Distinguishing 0.43 0.32 0.12
Margin of appreciation 0.74 0.14 0.38
Teleological interpretation 0.00 0.00 0.00
Comparative law 0.50 0.00 0.00
Overruling 0.00 0.00 0.00
Test of the principle of proportionality - Suitability 0.00 0.00 0.00
Textual interpretation 0.00 0.00 0.00
Systematic interpretation 0.00 0.00 0.00
Macro-average 0.41 0.32 0.30
Weighted-average 0.73 0.69 0.73

Table 3: Label-specific Fl-scores on the 37 test documents using the best performing configurations for the

RoBERTa baseline, Flan-T5-XXL and Llama 3.3 70B.

while ICL is not enough for the complexity of the
fine-grained legal argumentation scheme. On the
other hand, fine-tuning is also computationally ex-
pensive and it is less cost-efficient to train and fine-
tune an LLM like Llama 3.3 70B, compared to
training a ROBERTa model.

Future work could focus on better techniques for
teaching LLMs the knowledge necessary to under-
stand and apply complex argumentation schemes.
The addition of annotation guidelines did not prove
to be useful in our case, but it could still be helpful
to incorporate them in a different way in future ex-
periments, because the underlying idea of requiring
instructions, examples and context to solve the task
is still at the core of legal reasoning. It would also
be interesting to experiment with an LLM that has
received extensive legal pretraining and is still able
to be finetuned for specific tasks.

Another difficulty that needs to be overcome is
how the training procedure can make up for the
massively imbalanced class representation. A train-
ing dataset of higher quality and carefully selected,
representative examples could be more beneficial
than a larger amount of data. We believe that rea-
soning models or reinforcement learning training
methods could also be leveraged to enable this in
future work.

6 Conclusion

Our study finds that Flan-T5 and Llama 3 did not
outperform the RoOBERTa baseline on average in
fine-grained legal argument mining, despite using
fine-tuning and enriching the prompts with context

and annotation guidelines. However, the perfor-
mance surpasses the baseline for some argument
types, showing that instruction-tuned LLMs gen-
erally have the potential to learn legal argument
classification. Contrary to the findings of related
works, there was no strong indication that adding
context helps, but passing the entire document ac-
tually reduced the performance. We suggest that
the exploration of long contexts in the legal domain
should be explored further in this regard. Underrep-
resented and unbalanced labels remain a challenge,
highlighting the difficulty of the task. A better in-
tegration of the annotation guidelines could be a
good future direction to teach LLMs the specific
skills to understand and apply such a complex legal
argument scheme. The specialized nature of legal
argumentation and its connection to legal theory
presents unique challenges that current LLMs strug-
gle to understand, emphasizing the need for further
research and potential domain-specific adaptations.

Limitations

Although we design the prompts to the best of our
knowledge and draw inspiration from the related
works, it is possible that a different prompt design
could achieve better results. The fine-tuned mod-
els are able to perform the task, but generally, the
performance then degrades on the tasks they were
originally trained for.
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A Input prompt example

Figure 3 shows an example prompt used with a
context window of four previous paragraphs.

B Annotation guidelines

The annotation guidelines and instructions in Fig-
ure 4 were obtained from Habernal et al. (2024)
and used for augmenting the prompts for the Llama
models.

C Effect of leniency on span threshold

Table 4 shows the evaluation with different levels
of thresholds for accepted span border variations.
There is essentially no increase score even when
accepting up to 20% offset from the original argu-
ment beginning and end for our fine-tuned models.
The largest difference is visible for the original
baseline, suggesting that the original model was
not as good at finding the exact begin and end of
an argument as our fine-tuned models.
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### Instruction:

Annotate the given ECtHR judgment with formal argument types. Mark the arguments by inserting the tags [be-
gin_of_annotation] and [end_of_annotation]. After these tags, append the label for the argument type and close the
label with [end_of_label]. Do not modify the original text otherwise and do not append additional information or ex-
plain anything. Only attach a label from the following list: [’ Application to the concrete case’, ’Decision ECHR’, ’Non
contestation by the parties’, ’Precedents of the ECHR’, *Test of the principle of proportionality - Legal basis’, "Margin
of appreciation’, *Test of the principle of proportionality - Proportionality’, ’Test of the principle of proportionality -
Legitimate purpose’, *Textual interpretation’, ’Distinguishing’, *Teleological interpretation’, *Overruling’, *Systematic
interpretation’, *Test of the principle of proportionality - Suitability’, ’Comparative law’]

### Context:

64. The second section, entitled “Transitioning to Interrogation - The Initial Interview”, deals with the stage before the
application of EITs. It reads: “Interrogators use the Initial Interview to assess the initial resistance posture of the HVD and
to determine — in a relatively benign environment — if the HVD intends to willingly participate with CIA interrogators. The
standard on participation is set very high during the Initial Interview. The HVD would have to willingly provide information
on actionable threats and location information on High-Value Targets at large not lower level information for interrogators
to continue with the neutral approach. [REDACTED] to HQS. Once approved, the interrogation process begins provided
the required medical and psychological assessments contain no contra indications to interrogation.” 65. The third section,
“Interrogation”, which is largely redacted, describes the standard combined application of interrogation techniques defined
as 1) “existing detention conditions”, 2) “conditioning techniques”, 3) “corrective techniques” and 4) “coercive techniques”.
1) The part dealing with the “existing detention conditions” reads:

### Input:

“Detention conditions are not interrogation techniques, but they have an impact on the detainee undergoing interrogation.
Specifically, the HVD will be exposed to white noise/loud sounds (not to exceed 79 decibels) and constant light during
portions of the interrogation process. These conditions provide additional operational security: white noise/loud sounds
mask conversations of staff members and deny the HVD any auditory clues about his surroundings and deter and disrupt
the HVD’s potential efforts to communicate with other detainees. Constant light provides an improved environment for
Black Site security, medical, psychological, and interrogator staff to monitor the HVD.”

Figure 3: Example of a prompt providing a context window = 4, which adds the 4 paragraphs before the target
input paragraph.

Model Config ACC
macro-avg weighted-avg

Threshold 0% 10% 20% 0% 10% 20%
Leg-RoBERTaL-15k — context =0 037 041 042 071 073 0.74
Flan-T5-XXL —context =0 032 032 032 069 0.69 0.69
-ICL 0.19 0.19 0.19 027 029 0.30
— context =0 029 029 029 068 0.69 0.69
Llama 3.1 8B Instruct — context =2 027 027 027 0.70 0.70 0.70
’ ) — context = 4 026 026 027 069 070 0.70

—context =4 + AG 027 027 027 0.69 0.69 0.69
— full-document + AG  0.09 0.09 0.10 038 039 040

- ICL 021 021 022 035 037 039
—context =0 030 030 030 070 070 0.71
Llama 3.3 70B Instruct - context =2 030 030 031 072 072 0.73
(4bit) —context =4 029 030 030 072 073 0.73

—context =4 + AG 022 022 022 063 064 0.64
— full-document + AG 020 020 020 051 052 052

Table 4: Fl-scores calculated on the test dataset on Leg-RoBERTaL-15k (Habernal et al., 2024), Flan-T5-XXL,
Llama 3.1 8B Instruct and Llama 3.3 70B Instruct (4bit). The argument component classification is calculated with
a span identification threshold of 0% (10% and 20%) for macro F1 and weighted F1 score.
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These guideline annotations serve as an instruction manual for the annotation
of ECtHR judgments. Judgments of the ECtHR shall be annotated according
to this guideline. Thereby, it is in the nature of things that a classification on
the basis of the categories provided in the guideline can only be made based
on a critical appraisal of the full argumentation of the ECtHR.

It has to be distinguished between the fifteen possible types of legal argu-
ments.

In many cases, the category of a paragraph of the decision does not result
exclusively from the text of that paragraph itself, but only in connection with
further paragraphs, so that each paragraph must always be read in context,
i.e. in relation to what has been addressed in a previous one.

1. "Non contestation by the parties": Procedural arguments are generally
marked as such due to their special nature. This means that even in the
part of the judgment on the application to the concrete case, the relevant
sentences are not marked as such — although they are nevertheless part of
this section — but are grouped into the category of procedural arguments
(Non contestation by the parties).

2. "Textual interpretation”: The wording is the first indication, but not a
rigid boundary for the regulatory content of a norm (which can go beyond
its wording). The textual interpretation is complemented by other methods
of interpretation (see below). It can be referred to the meaning of the norm
wording at the time of its origin or its application considering technical or
(most subsidiarily) colloquial language. According to the final clause of the
ECtHR, only English and French are “authentic” languages, i.e. only these
are to be used (other languages only subsidiarily) for the interpretation.

3. "Systematic interpretation": Systematic interpretation is based on the
ideal (!) of an in itself consistent legal system. Each legal norm is thus “to
be interpreted only from its position and function within the complete legal
system”. On European level the relevant law/contract itself, the overall legal
order or other international treaties as well as distant influences such as a
constitution, the Charter of fundamental human rights, etc. can be taken into
account.

4. "Teleological interpretation”: Moreover, the category “intent and purpose”
includes three further subcategories: the teleological interpretation, the ef-
ficiency of the protection (Art. 33 para. 4 VCLT) as well as the (judicial)
development of the law. It is controversial if the teleological interpretation
is a mean of interpreting a norm or the goal of the interpretation itself. It
brings up the question which objective (telos) is to be achieved by the legal
norm? The decisive factor is not the historical intention of the legislator, but
the objective purpose expressed in the norm. The objective of the norm is
characterized significantly by the wording, the systematic and the history
(means of interpretation). Regarding the ECtHR the teleological interpreta-
tion is specified as a ,,dynamic* or ,.evolutive® interpretation. It takes into
account the specialties of the ECtHR as a “living instrument, which must
be interpreted in the light of present day conditions”, i.e. gives the judges a
bigger margin of appreciation.

5. "Comparative law": Legal situation in the Contracting parties/Legal situa-
tion in the EU/Autonomous definitions. References to the case law of other
courts belong here as well.

Only the following categories (6.-9.) are to be used when there is a propor-
tionality test. At the end, there is a decision of the ECtHR (cf. under C),
which is to be annotated accordingly as “decision of the ECtHR”. Occa-
sionally, however, the category “application to the concrete case” may also
be used for the legal basis (1.) as well as the legitimate purpose (2.). This
depends on the respective individual case and must be assessed critically.
For all other points (3.-4.) the categories specified here have to be used while
the category “application to the concrete case” is never used.

6. "Test of the principle of proportionality - Legal basis": “In a constitutional
democracy, a constitutional right cannot be limited unless such a limitation
is authorized by law. This is the principle of legality. From here stems

the requirement — which can be found in modern constitutions’ limitation
clauses, as well as in other international documents — that any limitation on
aright be “prescribed by law”. At the basis of this requirement stands the
principle of the rule of law”

7. "Test of the principle of proportionality - Legitimate purpose": “The
proper purpose component examines whether a law (a statute or the common
law) that limits a constitutional right is for a purpose that justifies such
limitation”

8. "Test of the principle of proportionality - Suitability": “The requirement
is that the means used by the limiting law fit (or a rational connected to) the
purpose the limiting law was designed to fulfill. The requirement is that
the means used by the limiting law can realize or advance the underlying
purpose of that law; that the use of such means would rationally lead to
the realization of the law’s purpose. It is therefore required that the means
chosen be pertinent to the realization of the purpose in the sense that the
limiting law increases the likelihood of realizing its purpose”. The means
used must at least further the achievement of the legitimate purpose.

9. "Test of the principle of proportionality - Proportionality": Since the EC-
tHR - in contrast for instance to the Federal Constitutional Court — does not
strictly differentiate between the categories of necessity and proportionality
in a strict sense, considerations of necessity — if present — are annotated
within this category. “The next component of proportionality is the necessity
test. It is also referred to as the requirement of “the less restrictive means”.
According to this test, the legislator has to choose — of all those means that
may advance the purpose of the limiting law — that which would least limit
the human right in question”. The suitable means must be necessary to
achieve the legitimate purpose, that is the least restrictive of all equally ef-
fective means available. “According to proportionality stricto sensu, in order
to justify a limitation on a constitutional right, a proper relation (‘“propor-
tional” in the narrow sense of the term) should exist between benefits gained
by the public and harm caused to the constitutional right from obtaining
that purpose. This test requires a balancing of the benefits gained by the
public and the harm caused to the constitutional right through the use of the
means selected by law to obtain the proper purpose”. In an assessment of
the benefits of the measure and the impairment of the affected persons, it
must be determined whether the applied measures are appropriate, meaning
reasonable for the persons concerned.

10. "Overruling": Overruling is referred to the (re-)adjustment of a precedent
on a horizontal level, only under the premise of fundamental deficits of the
previous precedent.

11. "Distinguishing": Distinguishing happens if an essential difference of
facts is assessed by the judges, which leads to a non-transfer of a precedent
to the new case.

12. "Margin of appreciation": The margin of appreciation is a margin of
discretion granted by the ECtHR to the judiciary, legislature and executive
of the Member States before a violation of the ECtHR is assumed.

13. "Precedents of the ECtHR": Binding effect of the legal content of earlier
judgments of the ECtHR for later judgments. Only decisions (of all kind:
GC, Chamber, Committee, Commission) of the ECtHR itself belong in this
category.

14. "Application to the concrete case": Determination of the relation be-
tween the concrete case and the abstract legal norm. Subsumption of the
facts of the case under a legal norm, i.e. examination whether the offence is
fulfilled and the legal consequence thereby triggered.

15. "Decision ECtHR": The final sentence of the interpretation of a norm
as well as the final sentence of the part of the judgment on the application
to the concrete case may be concerned. If a section on the application of
the Convention to the concrete case presents a pure reproduction of the facts
— even though this extends over several paragraph - this is also marked as
“application”. This category is generally to be understood broadly.

Figure 4: Original LAM annotation guidelines from prompt augmentation in Llama experiments
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