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The study addresses the problem of automatic extraction of argumentative structures in
scientific communication texts in Russian. Such texts are characterized by a branched logical
structure, including distant references and interrelations. To address these complexities, recent
methodological advances attempt to leverage the text itself as a contextual foundation for ex-
tracting connections. This study presents a generative approach for extracting argumentative
relations, reframing the prediction task as a problem of generating marked-up text and making it
an end-to-end approach, rather than the traditional pipeline. Two Russian-language corpora were
used in the experiments: the translated corpus of microtexts ruMTC and the annotated corpus
of scientific communication texts ArgNetSC. A comparative analysis was conducted to evaluate
the performance of T5 architecture models trained with supervised fine-tuning (SFT) and Large
Language Models on various Russian-language datasets. To facilitate the analysis of long texts,
a text segmentation method using a sliding window was proposed. The evaluation revealed that
the highest performance in argumentative relation extraction was consistently achieved on the
corpus of microtexts. Notably, the smaller models fine-tuned using the SFT method and large
language models that were prompted to generate marked texts demonstrated comparable perfor-
mance (F1 ~ 0.32 — 0.37). For larger texts, however, this trend did not persist, as the FRED-T5
model outperformed all other models with Fi ~ 0.23 on texts related to the genre of scientific
articles.

Keywords: argument mining, document-level argument relation prediction, long-range argu-
mentative relation, text2tert generative language model, scientific communication.

Introduction

One of the important areas of research in scientific communication, represented by scientific
and popular science texts, is the study of the logical organization of reasoning that presents and
substantiates the author’s position from various points of view. In the process of such reasoning,
in order to convince the audience, arguments formulated in the form of premises and conclusions
are given in favor of or against the thesis under consideration. The author not only proves
some positions through logical reasoning, but also mentally debates with an opponent, modeling
possible counterarguments. In this case, a separate argument can act as an initial premise for
constructing a new argument, and its conclusion is often used as a justification for another
statement. In addition, different arguments can have common premises or conclusions. As a
result, they all turn out to be interconnected and form a holistic system that can be represented
as an argumentation graph.

Solving problems in the field of argumentation mining requires text corpora with annotated
argumentative structures. In recent years, there has been an increase in the volume and diversity
of annotated data, but most works are limited to using a few of the most well-known and widely
used corpora, according to . Less popular datasets, unfortunately, are often ignored. This
is due, first of all, to the desire to compare new methods with existing ones based on uniform
benchmarks. However, as the authors of the study note, such a practice is often criticized, since

the benchmark data does not always reflect the features of real texts in terms of topic and genre.
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Not only the language and topic of the text, but also its volume can have a significant impact on
the process of extracting argumentation, as the length of the possible argumentative connection
increases, hence the number of pairs of statements that can potentially be related.

The largest amount of argumentatively annotated data is available for the English language,
while datasets for intellectual analysis of argumentation in Russian are extremely scarce. The
following datasets are known for the Russian language:

— Argumentative Microtext Corpus (ruMTC) — a corpus of argumentative essays translated
into Russian, with the original argumentative annotation automatically transferred from
the original texts ;

— RuArg-2022 — a corpus of comments from users of the VKontakte social network on news
texts about COVID-19 [14]; the annotation model belongs to the APE (Argument Pair
Extraction) class, where for a given thesis, supporting and attacking statements are found
in different texts; in this corpus, a set of statements is specified, each of which is marked
as «for», «against» the thesis, or has a neutral status;

— ArgNetSC — a corpus of scientific communication texts annotated on the ArgNetBankStu-
dio resource based on D. Walton’s model being the traditional model of argumentative
markup.

While the first two corpora contain rather short texts with contact or short-distance relations
between statements, the third corpus contains longer texts as well, that are distinguished by
greater structural-content complexity determined by the organization and logical connection of
their parts. Scientific communication texts are characterized by a branched logical structure,
with the presence of distant references and long-distance relations between content elements.
At the same time, argumentative relations are implemented at the level of the entire text, and
not only within a sentence, adjacent sentences or paragraphs. To take into account such long-
distance relations, Document-Level approaches have recently been actively developing, which use
the entire text as a context for finding connections.

In this paper, we propose to use a generative approach to solve the Document-Level Ar-
gument relation prediction problem, which, firstly, solves the relation prediction problem not
as a classification problem, but as a problem of generating marked-up text, and secondly, uses
an end-to-end approach to Argument Mining (E2E-AM) instead of the traditional pipeline ,
in which argument analysis is divided into separate modules trained and applied sequentially.
Unlike pipeline frameworks, end-to-end frameworks jointly optimize all subtasks by studying
global characteristics and dependencies, which allows us to obtain a holistic view of argument
structures. In this paper, we focus on the following research questions.

RQ1. What is the quality of the solution of the End-to-End Argument Mining problem using
the Document-Level approach implemented as a text generation task?

RQ2. How does the genre and volume of the text affect the quality of argumentation extrac-
tion?

We conducted comparative experiments on two Russian-language datasets: a) the Argumen-
tative Microtext Corpus in Russian (hereinafter — ruMTC), obtained by manually translating
the first part of the corpus of the same name from English , and b) the ArgNetSC corpus of
scientific communication in Russian .

The article has the following structure. Section is devoted to a review of the scholarly
literature on the research problem. Sectiondescribes the datasets used in the study and the
data preparation. Sectionpresents the experiment and its result and provides an analysis of
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common errors. In Section the results are discussed. [Conclusion|summarizes the study and

points directions for future work.

1. Related Work

The main task of argumentation analysis is to extract argumentatively related statements
from the text based on formal models. The formal argument model proposed by Toulmin in
his work includes 6 components. But in practice, simplified representations of the argument
structure are used for data annotating, including 2 components — premises and conclusions. Thus,
the argumentative structure can be represented as a binary relation linking a pair of statements,
one of which (premise) supports or refutes the second (conclusion).

There are many datasets, in which such relations were annotated: IAC , NoDE (Natural
language arguments in online DEbates) , UKP-PE , RuArg-2022 , etc. The Argu-
mentative Microtext Corpus and its Russian-language version were annotated following
more complex schemes, reducing, however, the complex arguments to sets of binary relations.

Typically, each corpus consists of texts of a specific genre. For example, the CDCP corpus
is used to analyze legal documents, the AbstRCT corpus — for medical-related research,
and the DrInventor and SciDTB corpora are used to analyze scientific publications and
abstracts, respectively. The UKP-PE corpus of short essays is widely known.

The standard solution of argumentation analysis is to build a pipeline that sequentially
solves the following problems: identifying argumentative segments (ADUs), establishing the
ADU type, determining the argument type and establishing relations between ADUs . To
solve these problems, BERT and BERT-based models are traditionally used . When
extracting argumentative relations at short distances (if the premise and conclusion are within
the same sentence or in adjacent sentences), the use of discourse markers and argumentation
indicators , rhetorical relations |2| contributes to improving the results, but they are of little
help when extracting long-distance relations.

Recent document-level approaches fall into several categories: sequence labeling methods
(e.g., BIOLabel ); global context methods that capture document-wide information through
question-answering frameworks (DocMRC ) or memory mechanisms (MemNet @), generative
methods that use sequence-to-sequence models (e.g., BART-Gen ) for argument extraction,
ete.

In general, the pipeline approach has been criticized: pipeline experiments, in general, suffer
from the fact that error propagation occurs not only within each step, but also from one to an-
other; the inflexibility of the models used is also noted . In this regard, alternative approaches
have recently been developed: end-to-end argument extraction methods based on a network ar-
chitecture built on a biaffine parser and the use of Text2Text generative models . In ,
an approach based on a biaffine dependency parser was applied to Russian-language texts, which
also used rhetorical trees to clarify the boundaries of ADUs.

The idea of considering the AM task as a text generation task arose from related areas of
NLP. Thus, the Translation between Augmented Natural Languages methodology
uses a pre-trained T5 encoder-decoder model, which has proven its effectiveness in the tasks of
extracting relationships between entities, resolving coreference, constructing RST structure, etc.

In recent years, with the growth of pre-training methods, the development of a unified
generative structure for solving a variety of tasks within a specific field has attracted increas-
ing attention @ : solving various subtasks of named entity recognition, information
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extraction, tonality analysis and other areas, such as understanding dialogue and multimodal
referencing. The paper |4| presents a unified generative platform (UniASA) adapted for various
tasks of structured argument analysis: a) E2E-AM Task, b) Argument Pair Extraction (the task
is designed to extract pairs of arguments discussing the same point from two interrelated docu-
ments), ¢) Argument Quadruplet Extraction (sentence-level, four-component argument structure
used mainly for discussion analysis).

Our work extends a similar approach to E2E-AM by applying it to a Russian-language
dataset, characterized by a more complex conceptual and argumentative structure. This adapta-
tion necessitated several key modifications: the development of a novel text annotation scheme,
an investigation into the significance of argument sequencing — a problem salient in longer texts
that remains unaddressed in prior literature — and the segmentation of lengthy texts into chunks.

2. Datasets

Two annotated text corpora were used in the study: 1) ruMTC — the first part of the English
language Argumentative Microtext Corpus translated into Russian and 2) ArgNetSC — the
annotated corpus of scientific communication texts.

The corpus of microtexts is widely known and is often mentioned in studies on automatic
argumentation analysis. It includes 112 texts (576 sentences) on various topics up to 10 sentences
long. Each ADU (in this dataset, each sentence is an ADU) is labeled as supporting or disputing
the main thesis of the text; statements are organized into a graph with the following relations:
«support», «rebuttal» (attack to an ADU), «undercut» (attack to a relation between statements),
«additional» (for combining multiple premises) and «example» (support by example) .

A subset of 160 texts was selected from the ArgINetSC corpus — a Russian-language cor-
pus with complex argumentative markup. This dataset comprised short and medium-length
texts from three subgenres: 30 popular science news texts (News), 30 academic paper reviews
(Reviews), and 100 full-length academic papers (Articles). The inclusion of texts with consider-
able non-argumentative content was found to introduce noise, as they were causing argument-free
chunks. Consequently, such texts were systematically filtered out during the dataset compilation
process. The length of the texts and the specifics of the genre and topic determine the pres-
ence of long-distance argumentative relations, i.e. links between statements that are at least one
paragraph apart. The average span of these relations was 330, 502, and 793 characters for the
three subcorpora, respectively, notably exceeding their average paragraph lengths (188, 240, and
301 characters). Identifying such relations presents a significant NLP challenge, as the candidate
pair space grows combinatorially and grammatical mechanisms become less effective over long
distances. Russian-language corpora with argumentative markup, presented in Tab. were used

to prepare the data.

Table 1. Data statistics

Corpus Number Mee.ln text Mean number Mean number Mean number
of texts length (in symbols) of words of sentences of arguments
ruMTC 112 446 61 4 4
Reviews 30 2860 356 19 20
News 30 4105 521 28 34
Articles 100 9431 1165 63 54
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Argumentative relations were simplified in the manner shown in Fig.|1|for training data
preparation. Each relation R with more than one premise was decomposed into simple binary
relations linking each of the premises p1,...,p, with a conclusion C' of the same type R. Each
relation between a statement and another argument was replaced by a relation between the
statement and the premises of that argument. A simplified argument structure was adopted to
establish a baseline, reducing model complexity. While such an approach may lead to a risk of
overlooking certain high-order relations, we believe it provided a necessary foundation for future

work.
(2 ] R : |:"> R > E]
R > )
Ry : Ry :E]
= >
Ry R >

Figure 1. Transformation of a complex argument structure into binary relations;
P — premise, R — relation, C' — conclusion

When making datasets, we developed a specialized annotation scheme, enclosing the struc-
tural elements of arguments with special tokens (Fig..

Special tokens <arg_s> and . .
-~ Supporting argument Argument a8 is an
<arg_e> denote start and . ;
iy relationship attack to an ADU
end of an argument

) SPECia| token [SEP] |<aid>a7< aid><7oh>V3HauanbHO MBI HEJIOOLEHUBAEN/OHEPro3arparsl B OBITY, CYMTas 3TO
indicates the boundary «HIYeM. </adu>|support| Kadd[105TOMy HaM KaXeTCsi, 4TO £/ 32 CTOJIOM «MbI HHYETO HE JelIacMy.
between arguments He paccmaTpuBaeM U HE OLIEHUBAR™ IONLEMBI CO CTYJIA aTaHus MO KOMHATE BO BpeMsi KOH(KOILIA,

KaK KaKyr-TO aKTHBHOCTb. </adu
[SEP]

<aid>a8</aid>><adu>IlosTOMy HaM K@AKeTcsl, 4TO CHJII 3a CTOJIOM «MbI HHYETO HE JETacM».
He paccmarprBaeM 1 He OLICHHBAaeM MOABEM CO CTy/la M IIATaHHs MO KOMHATe BO BpeMs KOH(KOIIA,
KaK KaKyl0-TO aKTUBHOCTb.</adu adu>A 1o (dakTy HETPEHMPOBOYHAS AKTUBHOCTH —
HanboJee sHepro3arparTHas crarbs. </adu>

Figure 2. An example of a text annotated using special tokens

ADU boundaries were marked with the tags <adu> and </adu>. The type of argumenta-
tive relation was marked with the symbols | (pipe). Two types of argumentative relations were
considered: support and attack. The order of arguments in reference markups is of significant
importance. It was observed that if the order of arguments in the markup differed from their
order in the text, the model did not learn well. In the current study, arguments in the marked-up
text are arranged in the order in which the premises of these arguments appear in the text.

3. Experiments

The experiments were conducted using the generative approach, allowing various argument
mining tasks to be viewed as the task of generating a set of arguments. The study included a
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comparative evaluation of small Th-based models trained using SF'T, as well as Large Language
Models (LLMs) from the GPT family, across different datasets.

3.1. Implementation

Pre-trained language models supporting Russian language were used in the experimental
study.

1. mT5-base (Multilingual T5, 580M) is a multilingual model based on the T5 architecture;

2. ByT5-base (582M) is a modification of T5 that does not use a tokenizer and works directly
with UTF-8 bytes; this model can handle any language, is more robust to noise (e.g., typos),
and is easier to use because it does not require additional preprocessing;

3. FRED-T5-large (820M) is a model for Russian language based on the T5 architecture;

4. Gemma 3 (27B) is a multilingual and multimodal LLM that supports long context and
vision inputs;

5. gpt-oss: 20b/gpt-0ss:120b are LLMs, which are considered good for performance-
efficiency trade-off; particularly the gpt-oss-120b model, which performs comparably to Ope-
nATl’s proprietary o4-mini on many benchmarks, while the smaller gpt-oss-20b competes with
03-mini.

We employed SFT to train models of the T5 architecture. The training was conducted over
20 to 50 epochs, utilizing a starting learning rate of 5 x 10~%. To process lengthy documents from
the News, Reviews and Articles datasets, a sliding window algorithm was employed for seg-
mentation. This method generated overlapping chunks without regard for inherent textual units
(e.g., sentences or paragraphs). The annotated text’s length, averaging twice that of the source,
dictated a maximum chunk size of half the model’s context window. Therefore, the mT5-base
model that is pretrained on 512-token sequences, was fed 256-token chunks, and the FRED-T5
model (4096-token context) received 512-token chunks. A larger chunk size for FRED-T5 was not
possible due to limited computational resources. Annotations for a chunk were derived only from
arguments fully contained within it, which led to the expected loss of long-range or oversized
relations. This loss was measured at 21% for the 256-token chunking strategy and 7% for the
512-token strategy.

For the experiments with LLMs, texts were also divided into chunks, which, unlike the
previous experiment, were aligned along sentence (paragraph) boundaries. This allowed to ex-
clude incomplete contexts that may introduce noise from the source data for prompt. Note that
both LLMs were employed in a zero-shot setting. The experiments were conducted locally using
Ollama, the temperature was set to 1.0. Figure 7?7 shows the prompt template.

The prompt included the role specification that limited the subject area, problem statement
and detailed description of the structure of the expected response. When analyzing the results
of LLMSs, a number of features were identified that allowed us to adjust the prompt.

— The model tended to paraphrase the original text. To counter such behavior we added the
following requirement to the description of each component of the markup structure: Must
be an exact quote from the text. Do not paraphrase!l!.

— The model tended to pay attention only to the main thesis and directly related arguments,
so we also added the following requirement: You must mark up all the text. There should

be no fragments of the text that are not present in the argumentation graph.
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Role specification ~ You are an expert in analyzing argumentation
You extract the argumentation in the following CORRECT FORMAT:

Task Description

<arg><aid>IDENTIFIER</aid> <adu>EVIDENCE</adu> [TYPE_OF_RELATION]|
<adu>CLAIM</adu></arg>
Where:
<aid> is an unique identifier, for example r0, rl,etc.;
<adu> are argumentative units (parts of sentences, clauses or whole sentences)
which must be an exact (!!!) quotation from the source text, without paraphrasing or
changing words.
EVIDENCE is a statement that serves as the basis for an argument, contains facts,
Description of the  Observations, data, rules, or principles.
format and It must be an exact quote from the text. Do not paraphrase!!!
argument model  CLAIM is a thesis or conclusion that logically follows from a premise. It is the
result of reasoning.
It must be an exact quote from the text. Do not paraphrase!!!
Not only the main thesis of the document, but also any intermediate conclusions or
statements based on EVIDENCE can be selected as CLAIM.
TYPE_OF_RELATION — support or attack.
Multiple arguments are separated by [SEP].
Result The result should be a coherent argument graph where all premises and theses are
description logically related to each other.
The entire text must be marked up. There should be no text fragments left that are
not present in the argument graph.
EVIDENCE must not be the same as CLAIM in one argument.
CLAIM can act as EVIDENCE in other arguments.
Be careful, CLAIM and EVIDENCE can be in different parts of the text.

Additional notes

Figure 3. The prompt template for argument extraction

3.2. Results

Tablesummarizes the results of the conducted experiments. We utilized Precision (Pygy,),
Recall (Ryqy), and F'1 score (F'1,4,) as evaluation metrics for ADU Extraction part and F'1-score
for extraction of unlabeled (F'1l,,¢;) and labeled (support, attack) relations (F'1,.). ADUs were
compared at the character level using the Dice coefficient (equivalent to the Fy score), and partial
matches above a predefined threshold (equal to 0.8) were considered correct.

For the SFT experiments, the data were randomly partitioned into training, validation,
and test sets, comprising 72%, 8%, and 20% of the total data, respectively. To ensure statistical
robustness, this procedure was repeated across 10 distinct stratified splits (folds) for each dataset,
and a full training-validation-testing cycle was conducted on each fold. LLM-based experiments
were conducted on the test sets of each fold. The results, reported in Tab.|2| are presented as
the mean performance across all folds with a 95% confidence interval.

The ByT5 model was applied exclusively to the ruMTC-based dataset. Operating directly
on UTF-8 bytes without a tokenizer caused the attention tensor to expand rapidly, which — given
available computational resources — precluded its application to longer texts from ArgNetSC.

As it can be seen from the results, the highest result of the SF'T approach was obtained on
microtexts of the ruMTC corpus. Small sizes of both source and marked-up texts allowed to fit
them completely into the context window of the model without information loss. This can also
explain the lack of quality improvement for this dataset in argument extraction when moving to
a larger model (mT5 vs. FRED-T5).

LLMs applied to the ruMTC data demonstrated performance comparable to that of fine-
tuned models. The highest performance for extracting argument relations (without type classi-
fication) was achieved by the gpt-oss-120b model (F'l,.¢; = 0.42). When relation types were
considered, the gpt-oss-120b model performed best on the same data (F'1,, = 0.37).

On texts of other genres, the fine-tuned models performed better than LLMs, and in total
the results were expectedly lower. This may be due to both the presence of non-argumentative
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Table 2. Experimental results

Dataset Model ADU Extraction Flyre Fl,q
Podu Roau Flogu

mT5-Base 0.86£0.02 | 0.78£0.03 | 0.81£0.02 | 0.39£0.03 | 0.32+0.03
ByT5-Base 0.85£0.01 0.64 +0.03 0.72 +0.02 0.24 +0.02 0.174+0.02
FUMTC FRED-T5-Large | 0.92 £0.03 | 0.91 +£0.02 | 0.91 +0.03 | 0.38 £ 0.06 0.31 +£0.05
gpt-oss:20b 0.77£0.05 | 0.75+£0.04 | 0.74£0.04 | 0.33£0.05 | 0.29+0.04
gemmad:27b 0.86 = 0.03 0.82 £0.03 0.84 +0.03 0.34 £ 0.04 0.30 £0.03
gpt-0ss:120b 0.80 = 0.03 0.82 +0.02 0.814+0.03 | 0.42+0.04 | 0.37£0.03
mT5-Base 0.71+£0.04 | 0.52£0.05 0.58 £0.04 0.10 £0.03 0.09 +£0.03
FRED-T5-Large | 0.70 £ 0.04 0.64 +0.05 0.654+0.04 | 0.19£0.03 | 0.18 £0.03
Reviews | gpt-o0ss:20b 0.60 £ 0.03 0.56 £ 0.05 0.56 £0.04 0.06 £0.02 0.04 £0.02
gemmad:27b 0.624+0.02 | 0.78 £0.03 | 0.68 £0.02 | 0.13+0.01 0.124+0.01
gpt-o0ss:120b 0.61 £0.03 0.68 £ 0.06 0.63 +0.04 0.15£0.02 0.13 £0.02
mT5-Base 0.58+£0.05 | 0.55+0.03 | 0.55£0.03 | 0.10£0.02 | 0.10+0.02
FRED-T5-Large | 0.64 £ 0.05 0.574+0.03 | 0.59+0.03 | 0.14+0.01 | 0.13+0.01
ArgNetSC News gpt-0ss:20b 0.49 +£0.03 0.454+0.03 0.46 +0.02 0.07 £ 0.02 0.06 £0.01
gemmad:27b 0.66 £0.03 | 0.49£0.01 0.55 +0.02 0.114+0.03 0.114+0.03
gpt-o0ss:120b 0.59£0.03 | 0.59£0.02 | 0.58£0.02 0.13£0.03 | 0.13+0.03
mT5-Base 0.70 £0.04 | 0.43£0.06 0.51+£0.05 | 0.11 £0.007 | 0.10 £ 0.006
FRED-T5-Large | 0.70£0.04 | 0.83 £0.01 | 0.74 +0.02 | 0.25 £0.01 | 0.23 £0.01
Articles | gpt-oss:20b 0.47+0.01 0.62 £0.02 0.52£0.01 0.08 £0.01 | 0.08 £ 0.005
gemmad:27b 0.73+£0.04 | 0.61£0.07 0.66 +0.05 0.22 +0.03 0.174+0.03
gpt-oss:120b 0.544+0.02 | 0.83+0.02 | 0.65=+0.02 0.12£0.01 0.11 £0.01

zones and the loss of long-range relations and the fact that chunks often did not correspond to
the logical structure of the text: paragraphs, sections or sentences.

The recall of ADU detection on texts in the ArgNetSC corpus improved significantly when
utilizing the larger FRED-T5 model, especially on the Articles (0.42 vs. 0.82). The average
length of an ADUs in Articles is greater than in News and Reviews, so expanding the context
window was particularly critical for processing articles. Due to the smaller context size seen
during training, some ADUs were «lost» by the mT5 model.

3.3. Analysis of Argumentation Extraction Errors

Error analysis was conducted by experts who participated in the annotation of scientific
communication texts. Tables of comparison of arguments found by models with reference ones
(type I errors) and tables of comparison of reference arguments with arguments found by the
model (type II errors) were considered separately.

3.3.1. Segmentation errors

Argumentative analysis involves identifying text fragments that make sense from the point
of view of argumentation — ADUs. In general, they are statements based on propositions. Whole
sentences are most often identified automatically. However, the analysis of manual segmenta-
tion by human annotators shows that these can be both smaller and larger fragments of text,
depending on its length and genre.

Scientific and popular science texts (i.e., in this case, the corpus of scientific communication

as a whole) are characterized by a high density of argumentation, which contributes to the per-
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suasiveness and effectiveness of the impact on the reader. However, in the experiment for various
subgenres and models, low values of recall for segmentation can be noted, i.e. identification of a
lower density of argumentation compared to human annotation. This corresponds, first of all, to
a smaller volume of predicted ADUs as shown in the list below and in Tab.

1. Complex ADUs. Boundaries are set incorrectly in complex ADUs consisting of several sen-
tences.

2. ADUs representing the source of information. Segmentation errors are observed in multi-
component structures denoting someone’s speech or opinion: direct speech with inserted
segment corresponding to the act of speaking X explains; reported speech or opinion Ac-
cording to X, etc. Separation of the source indicator is an absolute rule for annotators, due
to the peculiarities of the analysis of argumentation from the source (expert, witness, etc.),
while models either combine speech indicator with the main proposition, or do not isolate
such a segment at all.

3. Subordinate clauses. Subordinate clauses connected to the main clause by means of a sub-
ordinate conjunction or a conjunction word where, what, because, as a result of what, since,
etc. are not distinguished into independent ADUs — in this case, the correctness of the seg-
mentation is determined by the semantics of the conjunction/conjunction word (usually a
cause-and-effect relationship).

4. Nested phrases. Independent ADUs do not include embedded phrases that represent a com-
parison or exemplification of the situation in the main sentence.

5. Incomplete Propositions. Collapsed propositions represented by prepositional constructions
with a substantive predicate (verbal noun) are not distinguished as independent ADUs.

6. Discontinuous structures. There is a lack of identification of discontinuous structures, the
necessity of which is demonstrated by the example in Tab. [3| (it also presents the above-

mentioned errors related to exemplification and collapsed proposition).

Table 3. Examples of segmentation errors.

Labels (a), (b), etc., denote the ADUs comprising the fragment

Error type

Expert segmentation

Model segmentation

Complex ADUs

There are many methods for detecting a mask on
the face, and most of them are a combination of
other methods. But they can all be divided into two
categories

But they can all be divided into two categories.

ADUs represent-

ing the source of

(a) This is a compelling, evidence-based case for
freshwater fishing at the end of the last ice age, (b)

This is a compelling, evidence-based case for fresh-
water fishing at the end of the last ice age

information — Potter noted
Subordinat (a) AR devices are the future of surgery, (b) because | AR devices are the future of surgery, because they
ubordinate

| they can significantly reduce the number of medical | can significantly reduce the number of medical er-
clauses

errors, (¢) and they can also be used to teach surgery

rors, and they can also be used to teach surgery

Nested phrases

(a) and they can also be used to teach surgery, (b) as
the sports medicine specialist from Aglaya, Christo-
pher Heading, did.

and they can also be used to teach surgery, as the
sports medicine specialist from Aglaya, Christopher
Heading, did.

(a) Mennonite dialects are generally recognized as

(a) Mennonite dialects are generally recognized as

Incomplete German, (b) however, due to their constant migra- | German, (b) however, due to their constant migra-
Propositions tion to regions with other languages or German di- | tion to regions with other languages or German di-
alects, (¢) a simple mention of this is not enough. alects, a simple mention of this is not enough.
(a) the ancestors of the indigenous people of this | the ancestors of the indigenous people of this re-
Discontintous region, many of whom still depend on freshwater | gion, many of whom still depend on freshwater fish
ctructures fish (b) (salmon, for example) (a) may have started | (salmon, for example), may have started subsistence

subsistence fishing (c) in response to declining food

resources during long-term climate change.

fishing in response to declining food resources dur-

ing long-term climate change.
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3.3.2. Errors of argument relations extraction

The analysis of the false positive and false negative responses of the models showed the
following reasons for the incorrectly extracted relations.

Common causes. Expectedly, the facts explained by the causes of false results common
to AM tasks were found: proximity in the text of clauses and sentences combined into one pair
(one or neighboring sentences); lexical and semantic similarity (presence of the same words and
synonyms in the statements of a pair); presence in a pair of relations similar to argumentative
ones but not being them.

Technical reasons for false positive responses. The use of a generative approach led
to the appearance of false positive results due to incorrect segmentation; this type of results also
included pairs of statements that, in the expert annotation, are connected by an argumentative
relation, but indirectly, through other statements.

Peculiarities of recognition of typical reasoning models (schemes of argumentation). The
analysis of true- and false-negative responses revealed that the SF'T approach has a greater
coverage of schemes that are recognized with a quality greater than 10% than the LLM approach —
12 vs. 9. In general, the pairs realizing the Example and Cause to Effect relations are well
recognized by the largest number of models on the largest number of subcases.

The relations Expert Opinion, Part to Whole and Sign are recognized in some cases most
well (up to 28%), in other cases very poorly (up to complete absence of true positives).

Ezxpert Opinion. This scheme is well recognized on the News subcorpus by SF'T models;
both LLM models for the same subcorpus and mT5 models for the Articles subcorpus per-
formed poorly. The low results are unexpected, since our previous experiments, which solved the
problem of binary classification of pairs of statements, showed high results for this scheme (up
t0 F'1,¢0=0.89). The analysis showed that the errors are related either to insufficient explication
of the argument components or to insufficiently detailed segmentation performed by the models.

Part to Whole. This relation is well recognized by the FRED-T5 model, but the other
models perform poorly. The scheme contains two premises and a conclusion: m is a species (part)
of n; m has property G — n has property G. The errors can be partially explained by the fact
that experts use the Part to Whole scheme as a transitive rather than argumentative scheme
when marking up the text, in order to preserve the integrity of the graph. Therefore, an isolated
pair of sentences out of context may not contain argumentation, and the models naturally fail
to detect it.

Sign. The Sign relation is well recognized by LLM models and poorly by SFT models,
including FRED-T5. This reasoning model also has three components: B is generally indicated
as true when its sign, A, is true; A (a finding) is true in this situation — B is true in this
situation. False negative examples of this scheme, as a rule, had no explicit relation indicators, or
the indicators are polysemous (may indicate not only argumentative relation: e.g., parenthetical
explanations, markers associated with, since), or the segmentation of annotators is too fractional,
and the selected segments are not informative enough for models. Another possible cause of errors
is the simplification of arguments during data preparation, which made an isolated premise
statement insufficient to support the conclusion.

Negative Consequences. In examples implementing this reasoning model, the models
most frequently make errors in determining the type of relation (support or attack). This is

because in the AIF ontology this scheme is supporting (If A is implemented, bad consequences
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are likely to occur — A should not be implemented), but due to the implicitness of some reasoning
components, this scheme is more often implemented as attacking.
Tabledemonstrates examples of the above-described errors made by the models in extract-

ing argument relations.

Table 4. Examples of Argument Relation Extraction errors.

FP denotes False Positives, FN denotes False Negatives

Error type

Errors in Argument Relation Prediction

Comments

Incorrect segmentation

(FP)

(a) There are inaccuracies in the article, |attack|

(b) 5) There are inaccuracies in the article,

Pairs of identical statements have been merged, ei-

ther in full or truncated form.

Incorrect segmentation

(FP)

(a) 5) The article |support| (b) The material of

the article raises a number of questions:

The statements correspond to pairs from the ref-
erence dataset, but one of the statements is trun-

cated.

Mediated argument re-
lation (FP)

<arg><aid>r6</aid><adu> Since the main goal
of our research was to compare the obtained results
with the data presented in the «Russian Associative
Dictionary»</adu>|support|<adu>In this study,
the free association experiment was used as the
main method, in which the respondent is re-
quired to give an unrestricted response to a stim-
ulus word in the form of a response word or

phrase.< /adu>< /arg>

In the expert annotation, the pairs of statements
are mediated by others; in this example, the state-
ment reports an intermediate research objective:
The focus of the research interest was on iden-
tifying, within the mini-group, matches with the
most frequent responses recorded in the lexicographic

source.

Relation similar to ar-
gumentative ones but
not being them (FP)

(a) The author has collected interesting material
(the corpus of examples found in each translation is
given in the article), but limits himself exclusively
to its quantitative analysis, presented in two tables.
|[support| (b) The reviewed article is devoted to the
study of archaisms and historicisms in five Russian
translations of The Song of Roland.

The candidate premise is a detail of the candidate
conclusion

Peculiarities of Part to
Whole reasoning model

(transitive scheme, FN)

(a) The ATTECK Matriz for Enterprise informa-
tion security threat assessment methodology has the
following merits <...> |support| (b) It helps to
understand what tools attackers use, to familiar-
ize with their techniques and tactics. |[support| (c)
This knowledge allows predicting the likely point of

entry into organizations.

Statement (b) is not a premise to statement (a)
because it clarifies rather than proves it, but since
statement (c) supports (b), the link between (a)
and (b) is necessary to demonstrate the support for

statement (a) by statement (c) in the graph.

Peculiarities of Sign

reasoning model (FN)

(a) No clarity in the interpretation of the term «lan-
guages. (b) In the first sentence of the abstract we
read: <«one of the Germanic languages», which is
known «in the world» as «Lower Germanic lan-
gquage (22?) (dialect???) of the Mennonites». (c)
Below it is labeled as «vernacular» for both Siberian

and Canadian Mennonites.

Thesis (a) is supported by two premises (b) and (c).
Together (b) and (c) are able to prove the thesis,

but separately they are insufficient to support (a).

Peculiarities of Neg-

ative Consequences
reasoning model (Incor-

rect Relation type)

(a) However, when dealing with large amounts
of data, training diffusion models can be time-
consuming and require large computational re-
sources |attack| (b) Generalizing, diffusion models
allow generating an image from a textual descrip-
tion by sequentially varying the noise in pizel space.

If we explicate all the statements, the first fragment
should be divided into two: (1) However, when deal-
ing with large amounts of data, training diffusion
models may not be appropriate (conflicts logically
with the second statement) and (2) It can be time-
consuming and computationally intensive (support-
ing premise to statement (1)). Thus, the model has
generated a markup with a correct label, but it con-

tradicts the «reference»markup.

4. Discussion

RQ1 discussion. In most cases, the generative approach to argument extraction shows rather
low results on Russian-language texts, which is generally consistent with the work of other
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researchers. For example, in on the English-language MTC corpus the F'l,.; score is 0.35,
while on the Russian-language ruMTC corpus in our experiment F'1,. = 0.37.

On the positive side, a comprehensive analysis of the whole text through the chunking
mechanism allowed us to include about 98% of all argumentative relations. Some problems arise
at the boundaries of the chunks due to the arbitrariness of text partitioning, and aligning the
chunk boundaries to the boundaries of sentences/paragraphs leads to an unstable context window
size in the training sample, which has a bad effect on model training.

RQ2 discussion. The analysis of the dependence of the quality of argument extraction on the
text length shows that such correlation takes place only for ultra-small texts, when it is possible
to fully place the text in the context window (ruMTC vs. ArgNetSC). On texts larger than
one chunk this ceases to play a significant role. For larger texts, genre features seem to play an
important role, in particular, the complexity and type of argumentation used, the coverage of the
text with argumentation, the size of the argumentative statement, etc. Thus, the experimental
results show better performance when analyzing scientific articles than on other subgenres of the
ArgNetSC corpus, despite their larger size (see Tab. . This can be explained by the fact that
scientific articles have a stricter organization of the presentation of the material. In addition,
there is less complex argumentation in this sub-corpus (in the Articles, 21% of binary relations
are obtained as a result of simplification, in Reviews — 25%, and in News — 26%), so errors
arising from the simplification of such argumentation are less frequent in this corpus.

Conclusion

The main goal of the study was to test new document-level generative approaches for solving
the problem of argumentation analysis and long-range argumentative relation extraction.

Experiments conducted on Russian-language data showed that the highest results were
achieved on microtexts, with small models fine-tuned with SFT showing approximately the same
quality as large language models running on a specialized prompt. However, for large texts of
scientific genres, this trend does not hold and the best results are obtained with the trained
FRED-T5 model.

To analyze long texts, a technique was proposed to segment them into chunks by a sliding
window. The size of the chunk depended on the context window of the model used. This approach
guarantees consideration of relations «fittings into such a window.

The main types of errors that reduce argument extraction performance were identified: errors
related to segmentation, to establishing an argument relation between two ADUs, and to deter-
mining the type of relation. The models often fail to recognize ADUs consisting of more than one
sentence, presenting subordinate clauses, comparative turns, explanatory turns with examples,
discontinuous structures, and indications of the source of information. The errors in establishing
an argumentative relation between statements occurred both due to segmentation errors and
general quality-reducing factors (lexico-semantic similarity, contact of statements between which
a relation is falsely established, etc.), peculiarities of individual argumentation schemes. In ad-
dition, some of the erroneously identified relations in the expert markup are argumentatively
related through other statements, but such relations could not be reflected in the dataset due to
the peculiarities of the experiment. The most frequent errors in identifying the type of relation
are explained by the implicitness of part of the reasoning elements, due to which supporting
schemes are sometimes used as attacking schemes.
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In further development of the approach, a stage for identifying the main thesis will be added,

which is likely to adapt the document-level argument mining task for cases of long-range links

over two paragraphs.

We have published our code at the GitHu All datasets used in this article are publicly

available from each distributor.
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