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Abstract

This paper introduces a novel data augmen-
tation approach designed for argument min-
ing. Argument mining is a task that auto-
matically identifies argumentative structures
within texts, typically represented as trees or
directed acyclic graphs (DAGs). A major chal-
lenge facing current argument mining systems
is the limited structural diversity of existing
annotated datasets, as manual annotation in-
evitably captures only a small subset of the
argumentative patterns encountered in prac-
tice. To overcome this challenge, we pro-
pose an innovative data augmentation method.
Our approach begins by generating pseudo-
argumentative structures through the explo-
ration of various combinations of argument
labels. These structures then guide a large
language model (LLM) to produce new texts
with annotations directly incorporated into the
text. We evaluated our method on the Argu-
ment Annotated Essay Corpus (AAEC) and the
AbstRCT dataset. Experimental results showed
that the proposed method outperformed exist-
ing augmentation baselines on Component-F1
and Relation-F1 in most settings. Further anal-
ysis indicated that the variety in the generated
pseudo-argumentative structures plays a crucial
role in achieving these improvements.

1 Introduction

Argument mining (AM) is the task of automat-
ically extracting argumentative structures from
texts (Lawrence and Reed, 2019). Unlike tradi-
tional sentiment analysis, which simply identifies
whether an opinion is positive or negative, AM re-
veals the reasons behind an opinion and their logi-
cal connections. Complex argumentative structures
are more faithfully captured by directed acyclic
graphs (DAGs) but are often simplified to trees
in practice for modeling and annotation. In these
structures, nodes correspond to argumentative com-
ponents, which are spans of text labeled accord-
ing to their roles, such as “CLAIM” or “PREMISE.”
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Edges represent relationships of “SUPPORT” or
“ATTACK” among these components. AM has
been extensively studied in various fields, including
law (Elaraby and Litman, 2022), education (Stab
and Gurevych, 2017), and medical research (Mayer
et al., 2020). It has potential applications in ar-
eas like automatic essay scoring (Wachsmuth et al.,
2016; Nguyen and Litman, 2018) and document
summarization (Fabbri et al., 2021).

A fundamental challenge in AM, despite its sig-
nificant applications, is the limited structural diver-
sity of existing annotated datasets. The forms of ar-
gumentation vary widely, ranging from simple lin-
ear sequences of claims and premises to more com-
plex hierarchical structures with multiple branches
of reasoning, and this diversity is further amplified
by variations across domains, genres, and writing
styles. Manual annotation inevitably reflects the
biases of specific corpora and annotators, leaving
many valid argumentative structures unrepresented.

This paper proposes a novel data augmenta-
tion method for argument mining that specifi-
cally addresses the need for document-level struc-
tural diversity. Our approach leverages probabilis-
tic context-free grammars (PCFGs) (Booth and
Thompson, 1973) to systematically generate di-
verse argumentative structures, which then guide
large language models (LL.Ms) to produce coher-
ent argumentative texts that conform to these pre-
determined structural patterns. Unlike existing
methods that focus on superficial text variations or
rely on error-prone auto-annotation, our approach
generates entirely new documents with explicitly
controlled, hierarchical structural diversity. This
structure-first generation deterministically aligns
text with its labels, directly addressing the scarcity
of diverse structural patterns in annotated datasets.

To demonstrate the effectiveness of our ap-
proach, we conducted experiments on two estab-
lished AM datasets: the Argument Annotated Es-
say Corpus (AAEC) and the AbstRCT dataset. In
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most settings, our method outperformed existing
augmentation methods on both datasets in terms of
Component-F1 and Relation-F1 scores, which mea-
sure the performance of identifying argumentative
components and their relationships, respectively.
Further analysis revealed that the performance im-
provements correlate with the structural diversity
characteristics of the datasets, supporting our hy-
pothesis that explicitly generating diverse argumen-
tative structures addresses a critical gap in existing
augmentation methods.

The main contributions of this paper are: (1) a
novel PCFG-based data augmentation method for
generating diverse document-level argumentative
structures, (2) empirical demonstration of its effec-
tiveness on benchmark datasets, and (3) analysis
revealing the relationship between dataset diversity
and augmentation effectiveness.

2 Related Work

2.1 Argument Mining

Early studies in AM developed domain-specific
annotated corpora to establish benchmarks for the
field. Notably, Stab and Gurevych (2017) created a
persuasive essay dataset (AAEC), which annotates
argumentative components (MajorClaim, Claim,
Premise) and their relationships (Support, Attack,
For, Against), and has become a widely used bench-
mark. Other significant datasets include Microtext
corpus (Peldszus and Stede, 2015), which contains
tree-structured arguments; the CDCP corpus (Park
and Cardie, 2018), which annotates propositions
with five types (fact, testimony, value, policy, and
reference); and the AbstRCT corpus introduced
by Mayer et al. (2020), consisting of biomedical
abstracts, annotated with MajorClaim, Claim, and
Evidence. These corpora demonstrate the versatil-
ity of AM across various domains, including per-
suasive writing (Stab and Gurevych, 2017), legal
documents (Poudyal et al., 2020), and scientific
papers (Mayer et al., 2020).

Methodologically, AM has transitioned from
rule-based and traditional machine learning ap-
proaches toward advanced neural models (Pers-
ing and Ng, 2016; Stab and Gurevych, 2017; Eger
et al., 2017; Bao et al., 2022; Ye and Teufel, 2021;
Morio et al., 2022). Early work typically employed
feature-based classifiers for identifying argumenta-
tive components, followed by structured inference
methods like Integer Linear Programming to con-
struct coherent argumentative trees. As datasets

expanded and deep learning techniques matured,
researchers increasingly adopted neural methods.
For instance, Eger et al. (2017) approached AM
as dependency parsing or sequence-to-sequence
tasks, using neural networks to predict argumenta-
tive graphs. More recently, transformer-based mod-
els such as BERT (Devlin et al., 2019) have become
the standard, achieving state-of-the-art results in
component classification and relation identification
through fine-tuning on annotated corpora. Recent
studies have demonstrated that pre-trained gener-
ative models, such as T5 (Raffel et al., 2020) and
FLAN-T5 (Chung et al., 2022), can achieve state-
of-the-art performance in AM (Kawarada et al.,
2024). This study treats AM as a text-generation
task that generates text structured in the Translation
between Augmented Natural Languages (TANL)
format (Paolini et al., 2021), from which argumen-
tative structures can be explicitly extracted. De-
spite these methodological advancements, existing
datasets cover only a limited subset of argumenta-
tive structures, causing models to overfit to specific
patterns and hindering their ability to generalize to
the full spectrum of argumentation encountered in
practice.

2.2 Data Augmentation

To address data limitations in NLP, data augmen-
tation artificially generates training examples to
supplement manually annotated datasets. Existing
methods primarily focus on either lexical or syn-
tactic diversity. Lexical approaches, such as Easy
Data Augmentation (EDA) (Wei and Zou, 2019)
and back-translation (Sennrich et al., 2016), are
effective for tasks like text classification (Xie et al.,
2020) but introduce only superficial changes with-
out altering the underlying structural arrangements.
Conversely, structure-aware methods manipulate
syntactic configurations, utilizing PCFGs (Booth
and Thompson, 1973) or LLMs (Zhang et al., 2025)
to generate varied syntactic subtrees. However,
because these methods operate locally at the sen-
tence or subtree level, they are insufficient for AM,
which requires capturing complex argumentative
structures spanning entire documents.

To address this document-level gap in AM, Bao
et al. (2025) proposed two complementary ap-
proaches: a quality-oriented synthesis that rewrites
existing documents to improve lexical quality while
preserving the original structure, and a diversity-
oriented synthesis that prompts an LLM to generate
new argumentative texts with modified component
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sequences. To balance quality and diversity, they
also explored mixing the outputs of both methods.
However, since the LLM freely generates text with-
out explicit structural constraints, there is no guar-
antee that the resulting documents exhibit valid or
systematically controlled structural diversity. In ad-
dition, extracting argumentative structures from the
generated texts relies on post-hoc auto-annotation,
which risks propagating annotation errors into the
augmented corpus.

Our approach addresses both issues by explicitly
generating a valid argumentative structure before
text generation, which ensures structural diversity
and deterministic label alignment without relying
on post-hoc annotation.

3 Argument Mining as a Text-to-Text
Generation Task

In this section, we first formalize the argument
mining task and then describe the text generation
framework that our method builds upon. We em-
ploy the approach of Kawarada et al. (2024), which
regards argument mining as a text generation task,
exploiting the TANL format, as our base model.
We chose this framework for two reasons: (1) it
achieves state-of-the-art performance on standard
benchmark datasets, and (2) its text generation
paradigm offers a simpler implementation than tra-
ditional pipeline-based approaches, which require
separate models for span identification, component
classification, and relation classification.

3.1 Task Formulation

Argument mining comprises three primary sub-
tasks: span identification, component classifica-
tion, and relation classification. Given an input
document, represented as a sequence of n to-
kens X = (z1,z2,...,2y), span identification
involves extracting contiguous subsequences of to-
kens that constitute argumentative units. Extracted
spans are represented as pairs of indices S =
{(starti7endi)}Li|1, where 1 < start; < end; <
n and each span corresponds to the token sequence
(Zstart, » Tstart;+1s - - - » Tend,; ). Component classifi-
cation assigns a label to each identified span, cat-
egorizing it according to its argumentative role.
Given the predefined set C' of argumentative com-
ponent types (e.g., claim, premise), this step pro-
duces a set of labeled argumentative components
L = {(start;, end;, ci)}ﬁll, where each tuple as-
sociates span boundaries with its assigned compo-

nent type ¢; € C'. Relation classification identifies
how argumentative components interact with each
other through directed, labeled relations. For each
related pair of components, we determine the rela-
tion type from the predefined set R (e.g., support,
attack). Relations are represented as 5-tuples that
specify: (1) the source component’s span bound-
aries (start™¢, end®°), (2) the target component’s
span boundaries (start's', end"s"), and (3) the re-
lation type » € R. The complete set of relations is

E = {(start{*®, end;™, startzgt, endzgt, ri)}lgl.

Thus, the full argumentative structure for a doc-
ument is represented as A = (L, E), where L con-
tains all labeled argumentative components and £
contains all relations between them. An argument
mining dataset D consists of documents paired with
their corresponding argumentative structures, for-
mally defined as D = {(X}, Aj)}ljzll, where X;
represents the j-th document and A, represents its
annotated argumentative structure.

3.2 TANL Format

Kawarada et al. (2024) proposed a novel approach
to argument mining by applying the TANL frame-
work. Their method regards argument mining as a
text-to-text generation task, where encoder-decoder
models generate structured text that directly em-
beds argumentative structures. In the TANL format,
argumentative components and their relations are
explicitly encoded as annotated spans within the
generated text, enabling the extraction of complete
argumentative structures from the model’s textual
output. The TANL framework represents the argu-
mentative structures using bracketed annotations,
as in the following syntax.

For components with relations: [ s¢ | ¢ | r =
s'8" | where s%¢ is the source component’s text
span, ¢ € C is its component type, r € R is the
relation type, and s'8' is the target component’s
text span. For stand-alone components without
outgoing relations: [ s*¢ | ¢ |, where only the
component text and its type are specified.

The following example illustrates the TANL for-
mat, where argumentative components and their
relations are embedded directly within the text:

Input: For this reason, many marine
lives have been endangered , in the ex-
tremes part of the reef become uninhab-
itable for these marine species . Thus ,
it is apparent that tourism has threatened
the nature environments .
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STEP 1a

Essay Topics
« The effectiveness of online learning

STEP 1b

versus traditional classroom learning Q
« Are standardized tests effective? ® @
Generator Paper Titles Generator l Linearize
* Role of Telomere Length in Aging
and Cancer [ MCO | major claim ] [ C1 | claim for ]
« Molecular Basis of Type 2 Diabetes [ P2 | premise | support = C11] ...
Mellitus
H TANL Template
N J
STEP 2
Tree With the advancement of technology , online learning
q similarity has become more and more popular . Many people
A 0.88 think that [ online learning is more effective than

Of) 0.55

° traditional classroom learning | major claim ] . First of
all , [ students can learn more effectively by using
o1 - ;%: Augmenter g learning | claim for ] . [ Students can learn at

0.23
Train Data

Structure-aware Demonstration Selection

their own pace | premise | support = students can
learn more effectively by using online learning ] ...

Augmented Text (TANL Format)

STEP 3

With the advancement of technology , online
learning has become more and more popular . Many
people think that online learning is more effective
than traditional classroom learning . First of all ,
students can learn more effectively by using online
learning . Students can learn at their own pace ...

Delete Annotation[

Raw Text

Extract Structure

Major Claim
online learning is more effective than
traditional classroom learning
for

students can learn support Students can

more effectively by < learn at their

using online learning own pace
Claim Premise

Argumentative Structure

Figure 1: Overview of our proposed structure-aware data augmentation pipeline. We generate novel topics (STEP 1a)
and use a PCFG with beam search to generate argumentative trees, which are then linearized into TANL tem-
plates (STEP 1b). The Augmenter fills each template with text using demonstrations retrieved based on tree edit
distance (STEP 2), and the output is split into an input text and its argumentative structure (STEP 3).

Output: For this reason , [ many marine
lives have been endangered, in the ex-
tremes part of the reef become uninhabit-
able for these marine species | premise
| support = tourism has threatened the
nature environments ] . Thus , it is ap-
parent that [ rourism has threatened the
nature environments | claim for ] .

The TANL format thus captures both the argumen-
tative components and their logical relationships
within a single text representation, which we denote
by A'*21! for a document-structure pair (X, A).

4 Proposed Method

Our goal is to artificially generate a high-diversity
augmented corpus, denoted as D?"&, from the orig-
inal argument mining corpus D°'8.

Figure 1 depicts the overall methodology, which
consists of three main components: a Topic Gener-
ator, a Structure Generator, and an Augmenter. In
this section, we describe each of these components
in detail.

4.1 Topic Generator

The Topic Generator employs LLMs with zero-
shot prompting to produce diverse topics for essays
or titles for academic paper abstracts. Given a
prompt p'°Pi¢, the Topic Generator outputs a set
of M diverse topics or titles by utilizing the LLM,
LLM'P_ This is formally expressed as:
{Siaug}i]\il — LLMtopic (ptopiC)7 (1)
where prompt p'°Pi¢ is specifically formatted, such
as “Generate essay topics for discussion:” when
creating essay topics or “Generate research paper
titles:” when producing academic paper titles.

4.2 Structure Generator

The Structure Generator is designed to produce
a variety of argumentative trees, which represent
the topology of an argument independent of any
specific text. This is done by learning a PCFG
from the structures in the training dataset of the
original corpus D°'¢ and then using this grammar
to generate new, structurally unique trees.
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PCFG Training. First, we extract argumentative
structures from the training dataset of the original
corpus and abstract them into structural templates
by discarding specific text content while preserving
the hierarchical relationships between argumenta-
tive components. Each argumentative structure
A = (L, E) is transformed into an argumentative
tree 7°"8, where nodes represent component types
and directed edges represent relation types.

From this collection of structural templates, we
estimate a PCFG that captures the distribution of
argumentative patterns in the training data. In our
PCFG formulation, each production rule represents
how a parent component can be expanded into its
children, where children are characterized by both
their component type and their relationship to the
parent.

Formally, a production rule takes the form: o —
B, where v € C'is the parent component type and
B ={(r1,c1), (re,c2),...,(rx, cx)} represents a
set of children, with each (r;, ¢;) denoting a child of
component type ¢; € C connected to the parent via
relation r; € R. For example, the rule claim —
{(support, premise), (attack, premise)}
indicates that a claim can have one supporting and
one attacking premise.

The probability of each production rule P(a —
) is estimated by maximum likelihood, i.e., as the
relative frequency of &« — [ among all observed
expansions of « in the training data. To handle
terminal nodes (components with no children), we
introduce a special symbol None as a possible child
for each component type; the probability of the
terminal rule « — None is likewise estimated as
the fraction of nodes of type « that are leaf nodes
in the training data.

Tree Generation with Beam Search. During
inference, we use the learned PCFG to enumer-
ate diverse argumentative tree skeletons via beam
search. Starting from a ROOT symbol, we recur-
sively expand non-terminal nodes: for a parent
node with component type «, every right-hand side
B with non-zero probability P(«c — [3) constitutes
a candidate expansion. The expansion of a node
terminates when the None symbol is applied, whose
probability reflects how often that component type
appears as a leaf node in the training data; a tree is
complete once all of its nodes have terminated.

To prevent the generation of extremely small,
large, or repetitive trees, we impose structural con-
straints on the search: we enforce a minimum num-

ber of nodes (excluding None terminals) and a max-
imum tree depth so that generated structures are
neither trivially simple nor excessively complex.
At each step, the beam search retains up to a fixed
number of the most probable partial trees, with
each tree scored by the product of the probabilities
of all applied production rules:

og P(T™%) = 3

(a—pB)eT™®

log P(a — ). (2)

Completed trees that satisfy these constraints are
moved to a candidate pool, and the search continues
until the beam is exhausted or the maximum depth
is reached, yielding a large pool of candidate trees
(see Appendix B.3).

Finally, to ensure structural diversity, we remove
trees with identical topologies from the pool and
select the top K unique, highest-probability struc-
tures as our final set {7}/, . These structures
serve as the argumentative skeletons for subsequent

text generation.

Tree Linearization. The resulting structures are
then linearized into a sequence of structural place-
holders to facilitate text-based processing by the
Augmenter. We traverse the generated argumenta-
tive tree to create a flat template where each node
is represented by a bracketed placeholder. This
placeholder indicates the component type, a unique
identifier, and its relation to other components. For
example, a generated structure is linearized into a
template such as:

[ <MC@> | major claim ] [ <C1> | claim
for ] [ <P2> | premise | support = <C1>

]

In this format, <MC@>, <C1>, and <P2> act as vari-
able identifiers for the text spans to be generated.
The remaining elements explicitly define the argu-
mentative roles and their structural dependencies.
This sequence serves as a structural blueprint for
the LLM during the text generation phase.

4.3 Augmenter

The final step involves generating augmented ar-
gumentative texts that conform to both the topi-
cal guidance and structural constraints. The Aug-
menter takes a topic statement S*"& from the Topic
Generator and an argument tree structure 7 248
from the Structure Generator to synthesize coher-
ent argumentative text in the TANL format. To en-
sure high-quality text generation without extensive
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parameter updates, we employ a large language
model, LLM®"€, using few-shot prompting.

Few-Shot Prompt Construction. We employ
structure-aware demonstration selection (SDS) to
construct the few-shot context, using the training
set D¢ as the demonstration pool. To provide
the most relevant demonstrations for a given gener-
ated structure 728, we measure the tree similarity
between 7298 and every argumentative tree 7, ©
in the pool, defined as sim(73%8 T'8) = 1 —
TED(7?2", T,n'®8) for m = 1,...,|D®|, where
TED(-, -) denotes the normalized tree edit distance.
We then select the top-k instances with the maxi-
mum tree similarity as in-context demonstrations.
For each selected instance (X}, 4;),l = 1,...,k,
we extract its argumentative structure 7,°" and a
representative topic S;"®. If the explicit topic can-
not be extracted, we generate it using LLM?®Pi¢
with a prompt ptoPic:

Slorg — LLMtOpiC(/Yl,ﬁtOpic). (3)

The structure ’ﬁorg is represented as a sequence
of placeholders, identical to the format used by
the Structure Generator. These k triplets of topic,
structure, and TANL format text form the few-shot
context Creyy = {(S"%, 7,78, X2 }r_ | guiding
the model to generate the target TANL sequence.

Generation. In the generation phase, we sys-
tematically combine each topic S;"® with each
structural placeholder template 7}aug. We prompt
LLM?®"¢ alongside the dynamically retrieved few-
shot context Csey, to generate a new argumentative

text:
XA = LLM™8(8™8, T8, Crow, p™%).  (4)

When X{?nl fails to parse or violates the intended

structure, we re-prompt LLM®"¢ with the faulty

output and rule-based feedback describing the de-

tected violation to obtain a revised Xf?nl. Finally,

splitting each X2 into its raw text X;"'® and argu-
. 7] aug . 7/7‘7

mentative structure A; ;- yields a large-scale aug-

o aug aug\\ M,K
mented corpus D& = {(X; %, A7) b0y
5 Experiments

5.1 Datasets

We evaluated our method on two established ar-
gument mining datasets: the Argument Annotated
Essay Corpus (AAEC) and the AbstRCT dataset.

The AAEC dataset consists of 402 student persua-
sive essays, split into 286 training, 36 development,
and 80 test documents. We used the essay-level
annotation setting to represent a realistic document-
level argument mining scenario. For AbstRCT, we
used the neoplasm subset, which comprises 500
abstracts of randomized controlled trials indexed
in MEDLINE, divided into 350 training, 50 devel-
opment, and 100 test documents. Detailed descrip-
tions of the datasets, including their specific com-
ponent and relation label schemes as well as our
preprocessing steps, are provided in Appendix A.

5.2 Compared Methods

We evaluated our structure-aware data augmenta-
tion method by comparing it with current state-
of-the-art method (Kawarada et al., 2024) and the
following existing augmentation techniques, all in-
tegrated with Kawarada et al. (2024)’s framework
as the base argument mining approach. We adopted
Qwen3-30B-Instruct (Yang et al., 2025)! as the
backbone model for methods employing LLMs in
our comparisons. To demonstrate the generality
of our method, we conducted additional experi-
ments using other backbone models. Results are
presented in Appendix D.3.

w/o Augmentation (Kawarada et al., 2024).
This baseline trains the argument mining model
solely on the original corpus, without using any
augmented data.

Quality-Oriented Synthesis (QOS) (Bao et al.,
2025). This method uses an LLM to generate
paraphrastic variants of the training documents. It
rewrites the text while strictly preserving the orig-
inal component inventory and label assignments.
We filter the generated outputs to ensure the origi-
nal argumentative structure remains completely un-
changed, thereby increasing lexical diversity with-
out altering the structural topology. As QOS mod-
ifies only lexical surface forms while preserving
structures, it also serves as a representative of lex-
ical augmentation methods such as paraphrasing
and back-translation (Sennrich et al., 2016).

Diversity-Oriented Synthesis (DOS) (Bao et al.,
2025). This approach increases topical and struc-
tural diversity by prompting an LLM to generate
new unannotated argumentative texts with modi-
fied structural patterns. For a fair comparison, we

'We used Qwen/Qwen3-30B-A3B-Instruct-2507-FP8
for our experiments.
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AAEC AbstRCT
Comp. Rel. Comp. Rel
FLAN-T5 Base
w/o Augmentation  76.02  53.59 7035  40.08
QOS 77.10 5564 7159  40.22
DOS 76.63  54.80 71.12  40.08
QOS + DOS 77.02 5594 71.62  40.19
Ours 7748 5636 72.00 40.30
FLAN-T5 Large
w/o Augmentation  77.09 5691 7245  44.11
QOS 7747 57.02 73.62 44.85
DOS 7784  57.11 7455 4524
QOS + DOS 7733 5699 7443 4588
Ours 7897 5719 75773 4578
FLAN-T5 XL
w/o Augmentation 7820  57.77  73.00 44.32
QOS 79.36 5872  75.02  46.32
DOS 78.99  57.15 75774 4573
QOS + DOS 79.28 5873 7526 4599
Ours 79.92 5888 7520 46.11
FLAN-T5 XXL
w/o Augmentation  80.96  61.73  75.10 47.37
QOS 8122 62.15 7570 47.84
DOS 81.10 6198 7542  47.63
QOS + DOS 81.71 61.86 7555 47.82
Ours 8235 6249 76.05 48.09

Table 1: Performance comparison on the AAEC and
AbstRCT datasets. “Comp.” and “Rel.” stand for Com-
ponent and Relation-F1 scores, respectively.

supply this method with the same novel topics pro-
duced by our Topic Generator. We then assign
pseudo-labels to these texts using an Annotator
trained exclusively on the original gold labels.

Mixed Synthesis (QOS + DOS) (Bao et al., 2025).
This baseline combines the high label fidelity of
QOS with the topical and structural novelty of
DOS. Following the best-performing configuration
in Bao et al. (2025), we randomly sample the in-
stances generated by the two methods to form a
blend of 25% QOS and 75% DOS, while keeping
the total amount of synthetic data identical to the
other augmentation methods, and apply the same
two-stage training procedure.

Proposed Method. Our approach combines a
Topic Generator, a Structure Generator (PCFG-
based), and an Augmenter. This generates doc-
uments with both topical and structural diversity,
as described in Section 4.

5.3 Experimental Settings

Following Kawarada et al. (2024), we used FLAN-
TS5 Base, Large, XL and XXL as our argument
mining model, fine-tuned with QLoRA (Dettmers

et al., 2023). All augmentation methods followed a
two-stage training process: (1) fine-tuning on aug-
mented data (silver data) for 10,000 steps, then (2)
fine-tuning again on the original data (gold data)
for 10,000 steps, with a batch size of 8. Since
the number of training steps is fixed across all set-
tings, the first stage consumes at most 80,000 silver
instances regardless of the size of the augmented
data. We generated 200,000 augmented samples
for AAEC and 100,000 for AbstRCT, with the fi-
nal model selected based on the highest average
Component-F1 and Relation-F1 scores on the de-
velopment dataset. For our method, the Topic Gen-
erator created 100 topics/titles per dataset, while
the Structure Generator produced 2, 000 unique ar-
gumentative structures for AAEC and 1,000 for
AbstRCT. We filtered these structures to contain
at least 6 nodes with a maximum depth of 6 for
AAEC, and at least 1 node with a maximum depth
of 4 for AbstRCT. The Augmenter generated each
text with one-shot prompting, i.e., with a single
demonstration selected by SDS (k = 1). When
the output failed to parse or violated the intended
structure, we re-prompted the Augmenter up to
two times and discarded the instance if all attempts
failed. All experiments were conducted with three
different random seeds and we report their aver-
age results. Detailed hyperparameters and training
configurations are provided in Appendix B.

5.4 Evaluation Metrics

We evaluated our approach using Component-F1
and Relation-F1 scores, the standard metrics for
argument mining. Component-F1 measures perfor-
mance in identifying and classifying argumentative
spans, while Relation-F1 evaluates the identifica-
tion of relationships between the components. Both
metrics require exact matching, providing stringent
evaluation of argument mining performance.

6 Results and Discussion

6.1 Main Results

Table 1 shows the results for the AAEC and Ab-
stRCT datasets. Our method improves over the
no-augmentation baseline on both datasets across
all model sizes. In the FLAN-TS5 XXL setting, it
achieves the best overall performance among the
methods compared in Table 1.

Specifically, on the AAEC dataset using the XXL
model, our approach achieved Component-F1 and
Relation-F1 scores of 82.35 and 62.49, respectively.
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This surpasses the strongest augmentation baseline
in each metric, namely QOS + DOS in Component-
F1 (81.71) and QOS in Relation-F1 (62.15), by
0.64 and 0.34 points, and yields gains of 1.39 and
0.76 points over the no-augmentation baseline. The
same pattern holds across the Base, Large, and XL
models, where our method obtains the best score
in both metrics, confirming that our augmentation
strategy is robust regardless of the base model’s
capacity.

On AbstRCT, our XXL model achieved 76.05
Component-F1 and 48.09 Relation-F1, bringing
improvements of 0.95 and 0.72 points over the no-
augmentation baseline and of 0.35 and 0.25 points
over the best baseline, QOS. Here the advantage
over the baselines is less uniform. Our method is
the best in both metrics at Base and XXL, but at
Large it falls 0.10 points below QOS + DOS in
Relation-F1, and at XL it falls 0.54 points below
DOS in Component-F1 and 0.21 points below QOS
in Relation-F1.

The difference in the size of these improvements
can be explained by the structural diversity of the
two datasets. We measured the diversity of the ar-
gumentative structures in each test set, treating two
structures as identical only when their tree shapes,
component labels, and relation labels all match.
On AAEC, all 80 test documents have a distinct
argumentative structure, and only 5.00% of the test
structures appear in the training data. In contrast,
on AbstRCT, 71 out of 100 test documents have
distinct structures, and 57.00% of the test structures
overlap with the training data. Our structure-aware
augmentation is therefore particularly effective on
AAEC, where generating varied argumentative pat-
terns addresses a genuine data scarcity problem.

6.2 Ablation Study

To evaluate the contribution of each component in
our pipeline, we conducted an ablation study on the
AAEC dataset using FLAN-TS Large (Table 2).
Removing structure-aware demonstration selec-
tion (“— w/o SDS”) has only a minor impact on
performance, resulting in a slight drop in both met-
rics. This suggests that retrieving structurally simi-
lar examples via tree edit distance provides a small
but consistent benefit in guiding the generation. By-
passing the PCFG-based Structure Generator (“—
w/o Structure Generator (PCFG)”) and reusing ex-
isting trees from the training data also diminished
both scores, yielding the lowest Component-F1
among the ablations and confirming our hypoth-

Comp. Rel.
Ours (Full Method) 78.97 57.19
— w/o Structure Generator (PCFG) 77.80 56.85
— w/o Topic Generator 77.85 56.12
— w/o SDS 78.45 57.07
Baseline (w/o Augmentation) 77.09 56.91

Table 2: Ablation study on the AAEC dataset using
FLAN-TS5 Large. We evaluated the impact of remov-
ing key components from our augmentation pipeline.
“Comp.” and “Rel.” stand for Component and Relation-
F1 scores, respectively.

esis that injecting structural diversity is crucial to
prevent the model from overfitting to limited struc-
tural patterns. Omitting the Topic Generator (“—
w/o Topic Generator”) causes the most severe drop
in Relation-F1, with a Component-F1 drop compa-
rable to that of removing the Structure Generator,
as the lack of dynamically generated topics likely
leads to semantic homogeneity and repetitive vo-
cabulary in the augmented texts.

Overall, the results demonstrate that topical di-
versity, structural diversity, and SDS are comple-
mentary, and their integration is essential for maxi-
mizing the effectiveness of the augmented data.

6.3 Analysis of Structural Coverage

To evaluate how well our augmentation method cap-
tures unseen argumentative structures, we analyzed
how many of the test structures on AAEC are cov-
ered by each training configuration, under the same
matching criterion as above (see Figure 2). While
the original training data covers only 5.00% of the
argumentative structures in the test set, the baseline
Diversity-Oriented Synthesis (DOS only) method
reaches 10.00%, and our structure-first generation
(Ours only) reaches 21.25%, more than twice the
coverage of DOS and over four times that of the
training data alone.

Furthermore, we evaluated the combined cover-
age to represent the union of the structures found in
the original training data and the augmented data.

The union of the DOS-generated data and the
training data (DOS + train) reaches 12.50% cover-
age, whereas the union of our generated structures
and the training data (Ours + train) yields the high-
est overall coverage at 23.75%, an absolute gain of
18.75 points over train only. Notably, Ours + train
adds only 2.50 points over Ours only, indicating
that our generated structures already subsume half
of the test structures that the training data covers,
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Figure 2: Coverage of argumentative structures in
the test dataset by different training configurations on
AAEC. A structure is counted as covered only when tree
shape, component labels, and relation labels all match.
“DOS + train” and “Ours + train” represent the union
of the structures found in the original training dataset
and the respective augmented datasets. The augmented
data from QOS is structurally equivalent to the original
training data, thus sharing exactly the same coverage as
“train only”.

and that the remaining gain is almost entirely novel.
Since QOS preserves the original structures by con-
struction, its augmented data contributes nothing
beyond the coverage of train only. The ability to ex-
pose the model to nearly five times as many of the
test set’s argumentative structures during training
is consistent with the robust performance improve-
ments observed in our main results on the AAEC
dataset.

6.4 Effect of the Amount of Augmented Data

We varied the amount of augmented data from 10k
to 250k samples, scaling the number of generated
structures proportionally from 100 to 2.5k, and
evaluated on AAEC with FLAN-T5 Large (Fig-
ure 3). For each setting, we changed only K, the
number of structures retained by the Structure Gen-
erator; the beam size and all other generation set-
tings were kept fixed. The candidate pool produced
by beam search contained enough unique structures
to cover even the largest setting of 2,500 structures.
Given the fixed training budget, points beyond 80k
differ not in the amount of data seen but in the struc-
tural diversity of the pool from which the silver data
is drawn. Component-F1 improves monotonically
but with clear diminishing returns: 10k samples al-
ready yield 78.02, and the gain from 200k to 250k
is only 0.02 points. Relation-F1 behaves differ-
ently. It falls slightly below the no-augmentation
baseline at 10k (56.83 vs. 56.91), does not exceed
it until 50k, and peaks at 200k (57.19) before drop-
ping at 250k (57.10). This contrast indicates that
identifying components benefits from lexical and
topical variety, which even a small amount of aug-

79.0 78.82 78.99

78.5
78.0
77.5

Component-F1

77.0

57.2
57.1
57.0
56.9

57.10

Relation-F1

56.91
56.8 56.83
w/o Aug. 10k 50k 100k 200k 250k

Figure 3: Performance on AAEC with FLAN-TS Large
as the amount of augmented data and the number of
generated structures increase together.

mented data provides, whereas relation classifica-
tion requires exposure to many distinct argumenta-
tive structures before the augmented data becomes
useful. The decline at 250k is consistent with the
long-tail behavior of the PCFG. As the number of
required structures grows, the Structure Generator
must reach further down the probability-ranked can-
didate pool and admit increasingly low-probability
trees, which deviate from the argumentative pat-
terns observed in human-written texts and act as
noise rather than a useful training signal, harming
relation classification in particular.

7 Conclusion

In this paper, we introduced a novel, structure-
aware data augmentation technique tailored for
argument mining tasks, addressing the persistent
issue of limited structural diversity in existing an-
notated datasets. By leveraging a PCFG to cre-
ate diverse pseudo-argumentative structures, we
effectively guided an LLM to generate new, co-
herent argumentative texts enriched with accurate
annotations. Our experimental evaluations using
the AAEC and AbstRCT datasets showed that our
method outperforms traditional augmentation tech-
niques, particularly in structurally diverse settings.
In most settings, the proposed approach delivered
notable improvements in both Component-F1 and
Relation-F1 scores, underscoring the critical im-
portance of structural diversity in augmentation
processes, as opposed to mere lexical variation.
Further analyses supported this finding, confirm-
ing that the increased variety of argumentative
structures significantly contributes to the overall
enhancement in argument mining performance.
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Limitations

While our method demonstrates improvements over
existing augmentation baselines, several limitations
should be acknowledged.

Dependence on Training Data Distribution.

Since our PCFG is estimated from the training
corpus, the diversity of generated structures is in-
herently bounded by the patterns already observed.
In particular, maximum likelihood estimation as-
signs low probabilities to rare structural patterns, so
they are ranked low in the probability-driven beam
search and rarely survive into the top-K selected
structures.

Evaluation Scope. Our experiments cover two
tree-structured English datasets, leaving DAG-
structured corpora such as CDCP (Park and Cardie,
2018) outside the current scope. Extending our
PCFG formulation to DAGs is non-trivial, as the
tree grammar framework does not accommodate
components with multiple outgoing relations. Gen-
eralizability to other languages and annotation
schemes also remains an open question.

Computational Cost. Generating 200,000 aug-
mented samples for AAEC and 100,000 augmented
samples for AbstRCT requires substantial LLM in-
ference, which may limit applicability in resource-
constrained settings.

Potential Risks. Our method generates large vol-
umes of synthetic argumentative text with an LLM.
Such text may contain factually incorrect or one-
sided claims, since the Augmenter is prompted
to produce persuasive content rather than verified
statements, and it may inherit social biases present
in the backbone LLM and in the source corpora.
The augmented data is intended solely as training
material for argument mining models and should
not be treated as a source of factual or medical in-
formation; this is particularly relevant for AbstRCT,
whose generated texts imitate the style of clinical
trial abstracts.
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A Dataset Details

AAEC The AAEC dataset originally defined
three component labels (C' = {MAJORCLAIM,
CLAIM, PREMISE}) and four relation labels
(R = {FOR, AGAINST, SUPPORT, ATTACK}).
Since each CLAIM component always de-
pends on a MAJORCLAIM through either
a FOR or AGAINST relation, we simplified
the label scheme to C = {MAJORCLAIM,
CLAIMFOR, CLAIMAGAINST, PREMISE}  and
R = {SUPPORT, ATTACK}. During evaluation,
we merged CLAIMFOR and CLAIMAGAINST into
CLAIM, following previous studies (Kawarada
et al., 2024).

AbstRCT The AbstRCT dataset covers various
diseases including neoplasm, glaucoma, hepati-
tis, diabetes, and hypertension. The dataset uses
three component labels (C' = {MAJORCLAIM,
CLAIM, EVIDENCE}) and three relation labels
(R = {SUPPORT, ATTACK, PARTIAL-ATTACK }).

B Implementation Details

B.1 Argument Mining Model and General
Setup

We conducted experiments using FLAN-TS Base,
Large, XL, and XXL as our argument mining
models, all fine-tuned with QLoRA for compu-
tational efficiency. The QLoRA parameters were
set as follows: lora_r= 16, lora_alpha =32, and
lora_dropout = 0.05. For our comparison, all
data augmentation methods generated 200,000 aug-
mented samples for the AAEC dataset and 100,000
samples for the AbstRCT dataset. The training
data was randomly sampled from these augmented
datasets. The training process consisted of two
steps. First, we performed fine-tuning using the
augmented data, followed by a second fine-tuning
step using the original data. We employed the
adamw_bnb_8bit optimizer and used bfloat16

precision throughout the training processes, main-
taining a consistent batch size of 8 for both fine-
tuning stages. Detailed hyperparameters can be
found in Table 3 and Table 4. To ensure the reliabil-
ity of our findings, each experiment was conducted
three times with different random seeds, and we
report the average of the results.

Hyperparameters Base/Large XL /XXL
max_steps 10,000
batch_size 8
learning_rate 2e-4 le-4
bf16 true
Ir_scheduler_type constant

optim adamw_bnb_8bit

Table 3: Hyperparameters for the first training stage
(fine-tuning on augmented data).

Hyperparameters Base/Large XL /XXL
max_steps 10,000
batch_size 8
learning_rate 4e-4 2e-4
bf16 true
Ir_scheduler_type linear

optim adamw_bnb_8bit

Table 4: Hyperparameters for the second training stage
(fine-tuning on original data).

B.2 Topic Generator

The Topic Generator created 100 topics/titles for
each dataset. Examples of generated essay topics
and paper titles can be found in Table 5.

Essay Topic

Paper Title

The impact of artificial in-
telligence on employment.

How blockchain technol-
ogy can revolutionize the fi-
nancial industry.

The role of 5G in enhancing
global communication.

Virtual reality in education
and training.

The ethics of gene editing
and CRISPR technology.

Impact of Vitamin D
Supplementation on Bone
Density in Postmenopausal
Women

Efficacy of Telemedicine in
Managing Chronic Disease
Outcomes

Genetic Variants Associ-
ated with Response to Can-
cer Immunotherapy

Molecular Mechanisms of
Alzheimer’s Disease Pro-
gression

Role of Gut Microbiota in
Inflammatory Bowel Dis-
ease Pathogenesis

Table 5: Sample topics and titles generated by the Topic

Generator.
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B.3 Structure Generator

PCFG Training. We train the PCFG from the
original training split after converting each anno-
tated document into a rooted argument tree. Each
non-root node stores its component label, and each
edge stores the relation from the child to its parent.
For AAEC, claims are normalized into claim for
and claim against according to their relation to
a major claim, while premises keep their support
or attack relation. The grammar estimates pro-
duction probabilities of the form o — [, where
« is a parent label and 3 is the multiset of child
label-relation pairs observed under that parent. The
same pass also estimates parent-child and sibling
ordering probabilities, which are used when the
generated tree is linearized.

Beam search settings. At generation time, we
start from a ROOT node and iteratively expand the
first non-terminal node according to the learned
production probabilities. For AAEC, we run beam
search with maximum depth 6, maximum num-
ber of children 6, and beam size 2,000, collect-
ing completed trees into a candidate pool. After
discarding duplicate tree signatures, we select the
top-K = 2,000 unique structures with the high-
est probabilities from the pool. For AbstRCT,
we use the same procedure with maximum depth
4 and top-K = 1,000. We additionally require
the generated set of labels for AAEC to include
major_claim, claim, and premise. The Structure
Generator therefore produces 2,000 unique argu-
mentative structures for AAEC and 1,000 for Ab-
stRCT. For the data-scaling experiment in Figure 3,
only the top-K was changed to the required number
of structures (100-2,500); all other settings, includ-
ing the beam size of 2,000, were kept unchanged,
as the candidate pool contains sufficiently many
unique structures to cover the largest setting.

Structural filtering criteria. To filter out overly
simplistic or overly deep structures, we require
at least six nodes and a maximum depth of six for
AAEQC, and at least one node and a maximum depth
of four for AbstRCT. We chose these thresholds
to remove extreme structures while preserving al-
most all original training data. Table 6 reports, for
each criterion, the proportion of original training
documents whose gold structure satisfies it. Ev-
ery criterion covers at least 99.7% of the training
documents, so the filtering preserves the training
distribution rather than reshaping it.

Dataset Criterion Train coverage
AbstRCT n_nodes > 1 349 /350 (99.7%)
ADbstRCT  max_depth <4 349 /350 (99.7%)
AAEC n_nodes > 6 286 /286 (100.0%)
AAEC max_depth <6 286/286 (100.0%)

Table 6: Proportion of the original training documents
whose gold argumentative structure satisfies each struc-
tural filtering criterion.

Linearization into TANL templates. Each gen-
erated tree is linearized into the same bracketed
structure expected by the TANL parser. The lin-
earizer assigns each component a deterministic
placeholder according to its label and position, e.g.,
<MC@> for a major claim, <C1> for a claim, and
<P2> for a premise. Premises additionally contain
their relation type and the placeholder of the par-
ent component. A generated tree can therefore be
represented as a flat template such as [ <MC@> |
major claim ] [ <C1> | claim for ] [ <P2>
| premise | support = <C1> 1.

B.4 Augmenter

Generation setting. For AAEC augmentation,
we generate 200,000 seed pairs by combin-
ing generated topics with TANL templates.
The Augmenter is prompted in a 1-shot set-
ting with structure-aware demonstration selec-
tion based on tree edit distance. Decoding uses
max_new_tokens=1024 and temperature 0.0.

Initial generation prompt. The initial prompt
instructs the model to preserve the TANL bracket
structure while replacing placeholders with fluent
text. The prompt template is as follows.

Task:

Given a Topic and a TANL template with
placeholders,

replace the placeholders with natural text
and output

a single-line fulltext TANL essay.

Rules:
- Keep bracket structure, labels, and order
exactly
as in the template.
- Replace every placeholder with natural
text
(no brackets inside).
- For each premise relation, the text after
must exactly match the referenced claim
text
you wrote.
- You may insert non-argument text BETWEEN
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bracketed spans to make the essay fluent.
- Do NOT add or remove any bracketed spans.
- Output one line only.

[demonstrations]
Now generate:
Topic:

[topic]

Template:
[structurel

Output:

Automatic revision. After generation, we vali-
date each output against its target TANL template.
An output is valid only if it can be parsed, contains
no unresolved placeholders, has the same number
of bracketed spans as the template, preserves the
label sequence, preserves premise relation labels,
and makes every premise reference exactly match
the generated text of its target claim. Invalid out-
puts are revised for at most two rounds in our main
setting. In each round, only the outputs that remain
invalid are sent back to the same Augmenter. A
revised output replaces the previous output only
when it improves the validation score.

The revision setting keeps the initial generation
context in the chat history and accumulates previ-
ous revision turns. Thus, the first revision prompt
is appended after the initial user prompt and the
model’s initial output; from the second revision
onward, the prompt additionally includes the ear-
lier diagnostic feedback and the model’s revised
outputs. This gives the model increasingly specific
evidence about what remains structurally wrong.

Revision prompt. The revision prompt asks the
model to regenerate the full TANL essay, rather
than patching only the broken span. The prompt
template is as follows.

Task:

Fix the previous output so that it satisfies
every required fix below.

Use the same Topic, Template, and rules

from the first message.

Output exactly one single-line TANL essay.
Do not explain.

Do not output the template.

Previous output:
[previous output]

Required fixes:
[feedback]

Output:

Stage Valid (%)  Gain (pp)
No revision 49.3 -
After revision 1 74.8 +25.5
After revision 2 90.7 +41.4
After revision 3 91.8 +42.5
After revision 4 92.0 +42.7
After revision 5 92.0 +42.7

Table 7: Effect of automatic revision on texts generated
for AAEC with the Qwen3-30B-Instruct Augmenter.
Validity denotes exact adherence to the target TANL
structure. We adopt two revision rounds in our main
setting.

The [feedback] field is generated automatically
from the validator. In detailed-feedback mode, it
reports the expected and observed span counts, the
expected and observed label sequences, unbalanced
or nested bracket errors, unresolved placeholders,
missing or extra spans, label/order mismatches, and
relation-field mismatches such as incorrect relation
labels or references to the wrong target claim text.

Effect of the revision loop. To determine how
many revision rounds are needed, we ran the loop
for up to five rounds on a sample of generations and
measured validity after each round (Table 7). Valid-
ity rises from 49.3% without revision to 90.7% after
the second round, an absolute improvement of 41.4
percentage points. The third through fifth rounds
add only 1.3 percentage points in total, indicating
that validity largely saturates after the second round
and that the remaining outputs contain structural
errors that this feedback loop cannot resolve. We
therefore cap the revision loop at two rounds in
all experiments, which retains virtually all of the
attainable validity gain while reducing inference
cost.

C Analysis of the Generated Data

C.1 Structural Statistics of the Generated
Structures

Figure 2 shows that our generated structures cover
more of the gold AAEC test tree shapes than
the baselines. Coverage alone, however, leaves
open whether the additional structures are plausi-
ble, since a generator could also raise coverage
by emitting malformed or degenerate trees. We
therefore compare the structural distribution of our
generated structures for AAEC with that of the gold
test set (Table 8).

The generated structures broadly match the gold
structures: the node-count and depth ranges largely
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overlap (7-24 vs. 8-28; depth 3-5 for both), and
the number of root children (1.85 vs. 1.91), the
maximum branching factor (4.47 vs. 4.44), and the
premise relation ratios (support: 0.966 vs. 0.948)
are closely aligned. On average, however, the gen-
erated trees are somewhat smaller and shallower
(12.65 vs. 15.83 nodes; depth 3.23 vs. 3.95), with
a correspondingly smaller maximum width and
fewer leaves. The component ratios shift mod-
erately from premises (0.520 vs. 0.639) toward
claims; the largest relative deviation appears in the
claim against ratio (0.073 vs. 0.039), where
the PCFG assigns a non-negligible probability to
a comparatively rare gold pattern. The Structure
Generator thus broadens structural coverage while
remaining within the overall distribution of human-
annotated structures, which distinguishes it from
random or heuristic recombination of component
labels. Section C.2 further examines whether the
text realized on top of these structures preserves
inter-component relation consistency.

Metric Gold test Ours
Tree shape
Node count (mean) 15.83 12.65
Node count (range) 8-28 7-24
Tree depth (mean) 3.95 3.23
Tree depth (range) 3-5 3-5
Max width (mean) 8.06 6.71
Root children (mean) 1.91 1.85
Max branching (mean) 4.44 4.47
Leaves (mean) 10.26 9.11
Component ratio
Premise 0.639 0.520
Major claim 0.121 0.147
Claim for 0.201 0.260
Claim against 0.039 0.073
Premise relation ratio
Support 0.948 0.966
Attack 0.052 0.034

Table 8: Structural distribution of the gold AAEC test
structures and of the structures generated by our Struc-
ture Generator.

C.2 Relation Consistency of the Generated
Text

To assess whether our augmented data maintains
comparable quality to the original texts in terms of
logical coherence, we conducted an intrinsic evalu-
ation using GPT-4.1 as an external judge, based on
Relation-based Argument Mining (RbAM) (Gorur
et al., 2025). We extracted component pairs from
both the original AAEC test set and pseudo-test
data generated by our Augmenter using the same

support attack
Original 0.6838  0.2609
Augmented  0.6348  0.2121

Table 9: Comparison of F1 scores for “support” and
“attack” relations between the original and augmented
datasets.

topics and structures. For each component pair,
GPT-4.1 predicted the argumentative relation in a
zero-shot setting. Following Gorur et al. (2025),
we simplified the four original relation types (For,
Against, Support, Attack) into two classes: “sup-
port” (For, Support) and “attack” (Against, Attack).

As shown in Table 9, while GPT-4.1’s Relation-
F1” is slightly lower on our augmented data than
the original data, the differences are modest (both
0.049 absolute, corresponding to 4.9 F1 points for
the support and attack relations). These small dif-
ferences suggest that our augmented texts maintain
comparable logical coherence to human-written
essays in terms of inter-component relation in-
ference. This evaluation provides evidence that
our structure-aware augmentation produces high-
quality training data suitable for argument mining
tasks.

D Additional Experiments

D.1 Effect of the Topic—Structure Sampling
Scheme

Our main setting pairs 100 generated topics with
2,000 generated structures, yielding 200,000 aug-
mented examples for AAEC. The motivation for
using multiple topics per structure is that each argu-
mentative structure should receive several semantic
realizations, so that the augmented corpus is di-
verse lexically and topically as well as structurally.

To examine whether a smaller or differently bal-
anced sampling scheme would suffice, we var-
ied the number of topics and structures while
keeping the rest of the pipeline fixed (Table 10).
Both reduced settings still improve over the no-
augmentation baseline, so our method remains
effective with half of the augmented data. The
main setting is nonetheless the strongest. Against
50 x 2,000, which holds the number of structures
fixed and halves the topical realizations per struc-
ture, it gains 0.73 Component-F1 and 0.19 Relation-
F1. Against 100 x 1,000, which halves the struc-
tural coverage instead, it gains 0.15 Component-
F1 and 0.17 Relation-F1. Topical realizations and
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Setting Top. Str. Aug. Comp. Rel.

w/o Augmentation - - 0 77.09 5691
50 x 2,000 50 2,000 100k 78.24 57.00
100 x 1,000 100 1,000 100k 78.82 57.02
100 x 2,000 100 2,000 200k 78.97 57.19

Table 10: Effect of the number of topics and structures
on AAEC with FLAN-TS Large. “Top.,” “Str.,” and
“Aug.” denote the number of topics, the number of
generated structures, and the resulting number of aug-
mented examples, respectively.

structural coverage therefore make complemen-
tary contributions, and the larger drop under the
reduced-topic setting suggests that component iden-
tification is the more sensitive of the two to lexical
variety.

All settings here sample topics and structures
uniformly. Non-uniform schemes, such as allo-
cating more topical realizations to structures that
are rare in the training distribution, are a natural
extension that we leave to future work.

D.2 Evaluation with a Different Downstream
Framework

To verify that the gains from our augmentation are
not specific to the FLAN-TS5/TANL framework, we
conducted an additional experiment on AAEC us-
ing the official implementation of Bao et al. (2025)>
as the downstream argument mining model. For a
fair comparison, we followed their setting and gen-
erated synthetic data of twice the size of the gold
training data for every method. For our method,
we first randomly sampled the required number of
topic—structure seed pairs from the 200,000 pairs
used in our main experiments, so that the amount
of synthetic data was identical across all methods,
and then generated the corresponding texts with
GPT-40 as the Augmenter backbone.

Table 11 shows the results. Although our method
is slightly below QOS in Relation-F1, it achieves
the best Span-F1, Component-F1, and average
score, suggesting that our structure-aware augmen-
tation is also effective outside the FLAN-T5/TANL
framework.

D.3 Comparison of Augmenter Backbones

To verify the generality of our proposed method,
we conducted additional experiments using Mistral-
Small 3 and Qwen3-4B-Instruct * as other back-

2https ://github.com/YugiHuang2003/Q0S_DOS
Smistralai/Mistral-Small-3.1-24B-Instruct-2503
4Qowen/Qwen3-4B-Instruct-2507

Method Span Comp. Rel Avg,
QO0S 8570  77.13  57.00 73.28
DOS 86.05 77.51 5640 73.32
QOS+DOS 8591 7720 56.25 73.12
Ours 86.14 77.82 56.66 73.54

Table 11: Performance on AAEC with the downstream
framework of Bao et al. (2025). “Span,” “Comp.,” and
“Rel.” stand for Span, Component, and Relation-F1
scores, respectively.

bone models. The experimental results are pre-
sented in Table 12. These results show that Mistral-
Small and Qwen3-4B-Instruct exhibit performance
comparable to that of Qwen3-30B-Instruct, demon-
strating that our method is not tied to a particular
LLM.

Model Component Relation
Qwen3-30B-Instruct 77.48 56.36
Qwen3-4B-Instruct 77.18 55.00
Mistral-Small 77.01 55.75

Table 12: Performance comparison of the Proposed
Method with Different LLMs on AAEC.
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