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Abstract

Argumentative reasoning over long or dis-
tributed discourse remains challenging because
the number of possible relations between tex-
tual units grows quadratically, while true ar-
gumentative links remain sparse. As a result,
exhaustive relation classification becomes com-
putationally impractical for long documents,
multi-document collections, and fragmented
discourse. We address this problem with a mod-
ular graph-based architecture designed to ag-
gressively reduce the candidate relation space
prior to classification. The framework en-
codes graph-structured discourse representa-
tions and applies a two-stage unsupervised
filtering pipeline to eliminate unlikely argu-
mentative links before downstream inference.
Across experimental settings, the proposed ap-
proach removes more than 99% of candidate
relations while substantially improving classifi-
cation performance (up to 6.5x MCC over an
unfiltered baseline). These results show that
lightweight modular filtering can make large-
scale argumentative reasoning possible without
sacrificing predictive quality, enabling practi-
cal deployment in long-context and distributed-
document environments. !

1 Introduction

Understanding complex discourse requires the abil-
ity to model information in a structured way and
draw reliable conclusions from it. Argumentation
offers a useful framework for this, breaking down
text into components such as claims and premises
and linking them through relations like inference,
conflict, or rephrase (Van Eemeren et al., 2014).
These relational structures reflect how people rea-
son, justify decisions, and build knowledge from
evidence. Argument mining seeks to automate this
analytical process. It sits at the intersection of com-
putational linguistics and machine learning, with

!The implementation code for all experiments can be found
at: https://github.com/alittek/graph-filter

the goal of converting unstructured discourse into
structured, interpretable, and auditable represen-
tations of reasoning (Lawrence and Reed, 2020).
Argument mining focuses on the computational
methods used to detect argumentative units in text,
determining how they relate to one another, and re-
constructing the underlying structure of reasoning.
This enables large-scale analysis of discourse that
would otherwise be infeasible to carry out manually.
At the core of this process is the automatic detec-
tion of key argumentative components and their
relational links (Hautli-Janisz et al., 2022). While
the foundational mechanisms of argument mining
are well-established, their application to long and
distributed discourse remains largely unexplored.
Bridging this gap is essential for navigating the
ever-growing volume of data in complex, multi-
document domains, such as legal corpora (Haber-
nal et al., 2024), financial reports, scientific articles,
and online debates (Lawrence and Reed, 2020).
This gap persists because existing datasets and
benchmarks often assume a locality constraint,
treating argumentative content as if it occurs only
within short windows or adjacent segments. This
assumption overlooks a central challenge of mod-
elling real-world argumentative structure. Realistic
arguments rarely appear in short, isolated units, but
instead they are often contained within extensive
and fragmented discourse that may unfold across
documents. Capturing these distributed argumen-
tative structures requires reasoning methods that
operate over global rather than local contexts. As
documents grow, the number of potential relations
between argument units expands quadratically, pro-
ducing a combinatorial search space that challenges
scalable inference on large graph structures. This
O(N?) increase represents a fundamental limita-
tion on analysing argument graphs when candi-
date edges vastly outnumber true edges. Argu-
mentative links are often extremely sparse, espe-
cially in large search spaces, yielding highly imbal-
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anced relational predictions and making it difficult
for models to distinguish meaningful inferences
from noise. Consequently, approaches based on
exhaustive pair wise comparison are not possible
in most real-world environments with limited com-
putational resources. The feasibility and efficiency
of long-range argumentation therefore depend on
reducing the search space without discarding infor-
mative connections.

In this paper, we introduce a modular pipeline
that treats search space reduction as an integral part
of argumentative reasoning in distributed settings.
Rather than attempting relation classification over
the full quadratic space of candidates, our frame-
work explicitly reasons about which relations are
plausible in the first place. It converts the other-
wise intractable graph matching problem into a
two-stage process, first clustering graph partitions
using semantic and structural embeddings to prune
irrelevant regions, and then refining candidate links
through lightweight node-level similarity checks.
We demonstrate the effectiveness of this approach
on the argument relation identification task, pro-
viding systematic insights into the strengths, lim-
itations, and trade-offs of different filtering strate-
gies. We release a reproducible implementation
to support further research, aiming to bridge the
gap between current Transformer-based argument
mining methods and the complexity of real-world,
distributed discourse. Our contributions are as fol-
lows: (i) we formalise long-document argument
relation identification as a search space reduction
problem under extreme sparsity, (ii) we introduce
a modular, unsupervised graph-based filtering ap-
proach that separates candidate selection from rela-
tion classification, and (iii) we demonstrate that fil-
tering can simultaneously improve scalability and
downstream predictive performance.

2 Related Work

The task of processing long documents poses
well-known challenges arising from the quadratic
growth of possible unit pairs and the small num-
ber of true relational signals. Simple Transformer
models (Vaswani et al., 2017) used to be the domi-
nant approach in language processing, as they offer
powerful performance for short-range dependen-
cies. However, due to the quadratic complexity
of their self-attention mechanism, they are com-
putationally expensive and poorly suited for struc-
tured inference over long argumentative texts. Ex-

isting extensions aim to address this bottleneck by
approximating attention patterns (Beltagy et al.,
2020; Han et al., 2024a), improving positional en-
coding for long-range dependencies (Press et al.,
2022; Chen et al., 2023), or compressing inputs
through document-level embeddings (Czinczoll
et al., 2024) and hierarchical processing to aggre-
gate information across segmented inputs (Pappa-
gari et al., 2019). These approaches increase the
maximum effective context length, but introduce
architectural complexity or high memory demands,
making them less suitable for the growing search
space in long and distributed documents.

Recently, Large Language Models (LLMs) have
demonstrated significant improvements across var-
ious argument mining tasks, including argument
relation identification (Li et al., 2025; Savigny and
Yun, 2026; Gorur et al., 2025). However, while
these models show promising results on standard-
ised benchmarks, they do not resolve the challenges
inherent in long documents and distributed data
sources. LLMs remain fundamentally constrained
by their available context window, which limits
reasoning over extensive datasets. Although re-
cent models claim capacities exceeding one mil-
lion tokens, Du et al. (2025) demonstrate that pre-
dictive performance typically degrades as input
length increases and theoretical input limits are
rarely reached in practice. Kuratov et al. (2024)
demonstrate that models often use only a small
fraction of their context window effectively, with
performance deteriorating sharply as input length
and task complexity grow. This gap between adver-
tised and effective capacity is further highlighted
by Paulsen (2026), showing severe accuracy degra-
dation at context lengths far below reported limits,
with no evaluated model maintaining reliable per-
formance across its full claimed window. These
constraints suggest that expanded context windows
alone do not resolve the challenges of long-range
argumentation and cannot substitute for explicit
search space reduction.

Graph structures allow capturing non-local and
relational properties of discourse in an intuitive
way and have become central to many tasks re-
quiring structured knowledge representation. Early
work, such as Cross-Document Structure Theory
(CST) (Maziero et al., 2010) attempted to define
intertextual relations, while recent projects like In-
terText (Kuznetsov et al., 2022; Ruan et al., 2024)
model entire documents as interconnected graphs
to analyse cross-document links. Graph-based rep-
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Figure 1: Overview of our framework. Documents are represented as argument graphs and partitioned into subgraphs
representing document sections. The graphs are encoded using semantic and structural embeddings to capture the
content and the relations of the arguments. The dataset is filtered in two stages, at graph- and at node-level, to
enable argumentation in large search spaces. The resulting, reduced dataset is evaluated for argumentative relation

detection in long documents.

resentations have been widely applied in multi-
document summarisation (Li et al., 2020; Han et al.,
2024b) and knowledge-enhanced question answer-
ing (Wang et al., 2024) and have proven particularly
effective in modelling complex argumentative and
semantic structures. They are commonly used to
provide a global perspective of argumentative texts
and documents (Li et al., 2020). Graph Neural
Networks (GNNs) have further strengthened the
role of graph-based methods in natural language
processing and knowledge representation, offer-
ing powerful tools for modelling relational data
(Khemani et al., 2024; Wu et al., 2022). GNNs
have been shown to improve relation extraction by
capturing inter-sentence dependencies (Sahu et al.,
2019), and have been applied in argument min-
ing for tasks such as assessing debate polarisation
(Alsinet et al., 2022) and identifying argumentative
structures (Ding and Ito, 2023). Beyond discourse,
global relation graphs support few-shot relation ex-
traction by enabling generalisation across relation
types with minimal labelled data (Qu et al., 2020).
Yue et al. (2024) employ graph-based techniques
and external knowledge sources to manage the com-
plexity of long-document and multi-document set-
tings. Na et al. (2024) and Jain et al. (2024) experi-
ment with reinforcement learning and the integra-
tion of domain knowledge and relevance filtering
to improve relation extraction, especially for long
document settings. These methods commonly fo-
cus on large, complex architectures or extensive
domain knowledge, approaches that are often com-
putationally prohibitive in real-world applications.

3 Methodology

We address the broader task of relation prediction
and identification in long-text settings, where can-

didate components or pairs may appear far apart
within the same document or distributed across
multiple texts. Such scenarios substantially expand
the search space compared to standard tasks, as the
number of possible component pairs grows quadrat-
ically with input size, while only a small subset
corresponds to meaningful relations. To address
the scarcity of annotated data for long-distance
relations, we adopt a methodology that operates
exclusively on argument graphs. Graph representa-
tions capture sparse, non-local dependencies while
avoiding reliance on large amounts of labelled text
data. By assuming raw text is first converted into
graph structures by existing extraction tools, our
model performs classification without accessing the
original text or metadata, preventing data leakage
(e.g., author or source) and ensuring modularity.

Our methodology introduces a general frame-
work for reducing the search space through struc-
tured graph representations and multi-stage filter-
ing, preserving meaningful candidates for down-
stream prediction models. The framework, visu-
alised in Figure 1, consists of three stages:

1. Graph-based representation. Input texts are
transformed into graph-structured representations,
where nodes denote candidate components (e.g.,
propositions) and edges capture relations between
them. To simulate long-document reasoning, we
partition the graphs into subgraphs and introduce
controlled cross-partition candidate links to model
the challenges of large, distributed data sources.

2. Semantic and structural embeddings. Each
subgraph is embedded using both semantic en-
coders, which capture content-level similarity, and
structural encoders, which capture graph topology.
The joint embedding space provides a richer rep-
resentation that supports downstream filtering and
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enables the separation of meaningful relational pat-
terns from noise.

3. Two-stage unsupervised filtering. We per-
form lightweight similarity filtering in two stages.
First, a graph-level reduction step prunes unre-
lated subgraphs by clustering them based on com-
bined semantic and structural evidence. Second, a
node-level filtering step applies complementary lex-
ical, semantic, and structural similarity measures
to eliminate low-likelihood links. A transformer-
based classifier is used for final relation prediction
on the reduced set of candidate pairs.

3.1 Task Formalisation

We formulate argument relation identification
across distributed discourse as a two-stage search
space reduction problem.

Input Graphs and Candidates. We represent
discourse as an argument graph G = (V, £), where
nodes v € V denote Argumentative Discourse
Units (ADUs; e.g., claims or premises) and edges
(u,v) € & denote argumentative relations. To
simulate fragmented or cross-document discourse,
G is partitioned into K disjoint subgraphs & =
{G1,...,GK}. An exhaustive search across sub-
graphs produces two candidate sets:

Po ={(Gi,G;) [1<i<j< K}, (D
73\/ = {(u,v) S Vz X Vj | (Gz,G]> c Pg} (2)
While candidate node pairs |Py | scale quadrati-

cally with |V|, true cross-subgraph relations £* =
& N Py are extremely sparse (|€*| < |Py]).

Two-Stage Filtering Pipeline. To prune candi-
dates without discarding true relations, we apply
filtering at two granularities:

1. Graph-Level Filtering (®5): Selects candi-
date graph pairs Pa C Pa likely to contain
cross-graph reasoning. The binary target is
y&:(Gi, Gj) = 1if at least one gold edge con-
nects G; and G5, and 0 otherwise.

2. Node-Level Filtering ($y): From the candi-
date node pairs induced by the surviving graphs,
denoted 75V, this step yields a refined pair sub-
set Py C Py. The target label is yy(u,v) =1
if (u,v) is a true relation in £, and 0 otherwise.

Relation Classification. The downstream clas-
sifier farr assigns each retained candidate pair
(u,v) € Py alabel from the relation space:

yARI = {MA, RA, CA7 None}, (3)

Data Relations MA RA CA

All 10365 4879 4244 1242
Train 5963 2796 2459 708
Val 2188 1008 913 267
Test 2214 1075 872 267

Table 1: Overview of the size of the dataset and the
distribution for the argument relation classes rephrase
(MA), inference (RA), and conflict (CA) within the
whole dataset and in the subsets for training, validation,
and testing.

denoting rephrase (MA), inference (RA), conflict
(CA), and no relation (None), respectively.

3.2 Dataset

We use 17 episodes of the QTS0 corpus 2, an ex-
tension of QT30 (Hautli-Janisz et al., 2022). The
dataset is an annotated collection of dialogical ar-
gumentation from 30 episodes of BBC’s “Question
Time”. It is one of only a few available datasets
featuring large-scale, real-world discussions, anno-
tated with argumentative relations and covering
diverse topics and domains, providing a robust
dataset for general inferences. Since the classifica-
tion model we use was trained on a portion of this
dataset, we restrict our analysis to the remaining
episodes to prevent data leakage and ensure a valid
evaluation. An overview of the size of the dataset
and number of relations can be found in Table 1.
Additional details about the data and the prepro-
cessing can be found in Appendix A. Three types
of argument relations are annotated: (i) rephrase
(MA) where one proposition restates or reformu-
lates another or links questions and answers, (ii)
inference (RA) where one or more propositions
provide a reason to accept another proposition, and
(iii) conflict (CA) where one proposition provides
an incompatible alternative to another proposition.
An example of this can be observed in Figure 2.

3.3 Subgraph Generation

To simulate distributed argumentation settings, we
partition each episode-level argument graph into
multiple subgraphs. This allows us to represent
realistic discourse conditions, where related argu-
ments are rarely presented as a single coherent
structure. Instead, they are often scattered across
different parts of a text or dialogue, requiring rea-
soning over fragmented segments rather than rely-
ing solely on local proximity. Subgraph generation

"Dataset available at:
QT50IAAoriginalmaps

https://corpora.aifdb.org/
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Most people agree that there should be independence

‘Conﬂict

Scottish independence should constitutionally never happen

Inference

The treaty of Union cannot be broken in any event

Figure 2: Example of the argumentative units in the data,
showing propositions and their relations, corresponding
to the nodes and their relations in the argument graphs.

allows us to test models under conditions that more
closely approximate real argumentative contexts.
We partition each episode graph using
modularity-based community detection to group
nodes into cohesive clusters. If the number of
detected communities exceeds the desired number
of subgraphs, we iteratively merge the smallest
clusters. If fewer are detected, we subdivide large
ones by removing high-betweenness nodes until
they split. We add controlled randomness: each
node is assigned a random value in [0,1], and
those below a small threshold (the randomisation
factor) are reassigned to another subgraph. This
increases cross-subgraph connectivity, improves
generalisation, and diversifies dataset structure.
Each episode graph is split into five subgraphs,
producing 85 graphs in total. The final dataset
contains three inter-subgraph configurations: (i)
unconnected subgraphs from unrelated episodes,
(i1) loosely related subgraphs from the same
episode, and (iii) directly connected subgraphs
with explicit argumentative links at the node level.
We label type-(iii) graph pairs as ground truth
for the graph-level filtering task and use their
node-level links for relation identification.

4 Experiments

4.1 Graph Embeddings

To enable effective modelling of argumentative dis-
course, we transform each argument graph into
a set of continuous representations that capture
both the semantic content of individual argument
units and the structure of their relations. The
embeddings are created from the cleaned argu-
ment graphs only, with no additional document
context or metadata included. The semantic con-
tent of each node, corresponding to an argument
unit such as a claim or premise, is encoded using
Sentence-BERT (SBERT) (Reimers and Gurevych,
2019). For each argument node, we obtain a

fixed-dimensional embedding that captures the core
proposition expressed in the text. This allows the
model to group semantically similar arguments,
even when they differ in surface form, to recog-
nise paraphrases, shared stances, and thematic sim-
ilarities across argument graphs. While semantic
embeddings capture content, argumentation also
depends on the structure of relations between units.
To model these, we employ a GNN, which itera-
tively updates node representations by aggregating
information from their neighbours. We explore
Graph Convolutional Networks (GCNs) (Kipf and
Welling, 2017) and Relational Graph Convolutional
Networks (RGCNs) (Schlichtkrull et al., 2017).
RGCNs extend GCNs by incorporating edge types
into the message-passing mechanism. Each rela-
tion type has its own transformation matrix, en-
abling the model to learn how different relations
contribute to the meaning of arguments in context.
To combine semantic and structural information,
we concatenate the SBERT-derived semantic em-
beddings with the GNN-based structural embed-
dings for each node. We evaluate the performance
of the different embeddings by testing how well
they allow us to find subgraphs belonging to the
same QT episode. We find that the combined em-
beddings achieve perfect performance on this task
compared to slightly lower results using semantics
or structure only, see Appendix B. By encoding
what is said and how it connects to other state-
ments, the model gains a deeper understanding of
argumentative content, including both the meaning
of an argument and its role within the discourse.

4.2 Graph-level Search Space Reduction

In large-scale graph-based reasoning tasks, a
central challenge is efficiently identifying which
graphs are likely to contain meaningful relations.
Without filtering, the number of graph-to-graph
comparisons grows quadratically with dataset size,
introducing high computational demands and many
irrelevant comparisons. Because each graph pair
entails numerous node-level comparisons, reduc-
ing the number of graph pairs substantially lowers
overall complexity. To address this challenge, we
introduce a graph-level filtering mechanism that
narrows the search space before fine-grained node-
level analysis. All pairs of directly connected sub-
graphs, as described in Section 3.3, are annotated
as ground truth for this task. The goal is to retain
the graph pairs that are likely to present argumen-
tative relations at the node-level while discarding
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Figure 3: Comparison of the graph pair reduction task, showing the embedding space (top row) and confusion
matrices (bottom row) for each approach. Each data point represents a subgraph. Colours indicate graphs from the
same QT episode. Green edges indicate correctly predicted relations between graphs and red edges false positives.

those that are unrelated. This trade-off must be han-
dled carefully. High recall is critical to ensure that
no graph pairs with true node-level connections are
removed prematurely, as doing so could lead to
the loss of essential relational information in down-
stream tasks. Our solution presents unsupervised
clustering as a means of pruning the search space.
The central intuition is that graphs expressing simi-
lar argumentative structure or topical focus should
occupy the same regions in a learned embedding
space. The aim is to restrict relational inference to
intra-cluster graph pairs, dramatically reducing the
number of comparisons.

We explore two strategies for clustering: (i) di-
rect clustering of the graph embeddings in their
original high-dimensional space, and (ii) cluster-
ing following a nonlinear dimensionality reduction
using t-distributed Stochastic Neighbour Embed-
ding (t-SNE) (van der Maaten and Hinton, 2008).
While t-SNE is primarily designed for visualisation,
our use exploits its preservation of local neighbour-
hood structure rather than global geometry. This
aligns with our use case, as the goal is high-recall
pruning rather than precise cluster boundaries. In
both cases, we experiment with a simple nearest
neighbour algorithm (K-NN) and the density-based
method HDBSCAN (Campello et al., 2013), which
is particularly well-suited for discovering clusters
of varying shapes and densities without requiring
a fixed number. The method does not account for
graphs within the same episode without node-level

Clustering Acc  Prec Recall F1
Orig. K-NN 97.03 95.52 38.32  54.70
HDBSCAN  50.90 8.70 100.00 16.00
t-SNE K-NN 95.88 67.86 2275 34.08
HDBSCAN 99.92 98.24 100.00 99.11

Table 2: Performance comparison for the graph-level
search space reduction task with different settings, iden-
tifying graph pairs with node-level relations.

relations, as clustering is based solely on regions in
the embedding space. Figure 3 visualises the em-
bedding space of the four different combinations
with their corresponding confusion matrices. The
graph-level evaluation results can be observed in
Table 2. Among the approaches tested, the best re-
sults were obtained by applying density-based clus-
tering to the t-SNE-reduced embeddings. t-SNE
preserves local neighbourhood structure, making it
easier to reveal graph groupings in two or three di-
mensions, while density-based clustering naturally
identifies densely populated regions corresponding
to semantically or topically related graphs.

4.3 Node-level Filtering

Once relevant graph pairs were identified, the spe-
cific argumentative relations between nodes across
these graphs needed to be detected and identified.
Although graph-level filtering narrows the search
space, it still leaves a potentially large number of
candidate node pairs, as every node in each graph
can be compared to every node in the others. To ad-
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Anchor Node u: “the manifesto (...) made a very, very specific commitment to ringfencing a pot of money for social care”

Retained Pair (u,v) Gold: Inference (RA)

“social care being sorted has been the government’s cast iron

guaranteed commitment”

Pruned Pair 1 (u,v;)  Gold: No Relation

“we have to deal with the real politic of this”

!
1
Pruned Pair 2 (u,v3) Gold: No Relation

“the administration centres processing currently about 6,000

applications a day and it is done very swiftly”

Table 3: Qualitative example from the test set illustrating node-level filtering for a node u. Filtering retains candidate
pair (u, v), preserving the true inference relation (RA). Candidate pairs (u, v} ) and (u, v) lack topical and structural
relevance and are pruned, preventing non-relational distractors from entering downstream relation classification.

dress this, we introduce node-level filtering strate-
gies, balancing efficiency with the risk of losing
relevant connections. As illustrated in Table 3,
filtering isolates pairs with shared argumentative
focus while pruning non-relational noise prior to
classification. To evaluate candidates, we compare
three approaches:

1. Lexical Overlap Filtering (TF-IDF). Node
texts are compared using TF-IDF vectorisation (up
to 100 features, 1-2 grams) with cosine similarity.
This high-recall approach includes any pair with
positive similarity, prioritising coverage over pre-
cision and relying on surface-level lexical overlap
rather than deeper meaning.

2. Semantic Filtering (SBERT). Node texts are
encoded with a SentenceTransformer to capture
semantic similarity. Filtering uses multiple criteria.
Pairs must exceed both 75th percentile thresholds
and a global threshold (0.2), appear in the top-50
candidates, or achieve high confidence (cosine sim-
ilarity > 0.3), to allow a pair to pass without meet-
ing all conditions. Unlike TF-IDF, this method em-
phasises semantic precision, matching texts with
similar meaning even when word overlap is low.

3. Structure-Aware Similarity (EMBED). L2-
normalised embeddings are compared via dot-
product similarity. Filtering uses 75th percentile
thresholds and top-20 selection, with a global
threshold set at the 90th percentile of all similar-
ities. This ensures that filtering is applied consis-
tently across embeddings with different similarity
distributions. Unlike the text-based methods, this
approach also captures structural content.

To balance recall and efficiency in node-level
filtering, we explored a series of strategies for
combining the outputs of the three node-level fil-
tering methods to make use of their complemen-
tary strengths. High-precision approaches include
the intersection method, which only retains pairs

agreed upon by all three methods, ensuring high
confidence. A more dynamic high-precision strat-
egy is progressive filtering, which begins with this
strict intersection core and then incrementally ex-
pands the set through majority voting until a tar-
get coverage level is reached. In contrast, recall-
oriented strategies such as majority voting and
weighted union aim to maximise robustness. We
also employ adaptive coverage, which selects the
highest-ranked pairs to fit within a predefined target.
Further complexity is introduced through methods
like rank aggregation, which merges the relative
rankings produced by each method. The hybrid
strategy starts with a precise intersection set and
selectively adds high-confidence pairs identified
through the voting strategy. More detail about each
combination of filtering strategies can be found
in Appendix C. The different approaches provide
flexible control over the precision-recall trade-off
while mitigating the limitations inherent in relying
on any single filtering measure.

4.4 Argument Relation Identification (ARI)

To evaluate the direct impact of candidate reduc-
tion, we benchmark relation identification across
two progressively filtered subsets: (i) cross-graph
node pairs retained after graph-level reduction, and
(i) candidate pairs preserved after subsequent node-
level filtering. We compare both against classifi-
cation over the complete, unfiltered search space
to measure efficiency gains and predictive perfor-
mance. For the downstream classifier, we employ
an established Sentence-BERT architecture (Ruiz-
Dolz et al., 2021) fine-tuned specifically for argu-
ment relation identification. It predicts the three
relation types: rephrase (MA), inference (RA),
and conflict (CA) alongside a no relation class
(None). We intentionally adopt this standardised,
lightweight baseline rather than larger language
models to isolate the effect of search space fil-
tering. While larger or more specialised archi-
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Data Retained

Relations Retained (%)

Filter Combination %) All MA RA CA
TF-IDF - 47.4 71.0 77.9 63.6 70.4
SBERT - 13.0 79.0 88.5 68.3 80.0
EMBED - 32.7 73.0 81.2 65.1 68.7

intersection 7.6 60.1 714 47.5 60.9

rank aggregation

TF-IDF + SBERT weighted union

52.8 89.8 94.9 84.4 89.6
9.9 74.3 84.9 62.3 75.7

balanced 13.2 79.0 88.5 68.3 80.0
adaptive coverage 20.0 81.2 89.8 71.3 82.6
intersection 12.7 55.1 65.6 443 52.2

rank aggregation

TF-IDF + EMBED weighted union

60.0 88.9 93.5 84.4 87.0
20.0 69.7 79.1 60.4 66.1

balanced 15.0 65.5 75.9 55.7 59.1
adaptive coverage 20.0 68.7 77.9 60.2 62.6
intersection 6.5 65.2 76.3 54.2 60.9

rank aggregation

31.8 86.7 93.3 79.2 87.8

SBERT + EMBED weighted union 20.0 78.2 87.1 69.4 74.8
balanced 7.9 70.2 81.4 58.2 68.7
adaptive coverage 20.0 78.2 87.1 69.4 74.8
intersection 39 51.1 62.8 38.8 48.7
voting 19.0 78.3 87.7 68.5 76.5
rank aggregation 62.8 93.6 97.1 89.7 93.9
progressive 15.0 75.0 85.5 64.0 73.0
TE-IDF+ SBERT + EMBED 4 1 ed union 194 783 873 690 765
balanced 15.7 76.9 86.7 66.4 75.7
adaptive coverage 20.0 77.5 86.1 68.5 75.7
hybrid 7.8 69.4 80.6 58.0 66.1

Table 4: Performance comparison for the node-level filtering using lexical overlap (TF-IDF), semantic filtering
(SBERT), and structure-aware similarity (EMBED). For pairs of filters, the methods ‘voting’, ‘progressive’, and
‘hybrid’ produce identical outputs as other methods and were excluded.

tectures could be seamlessly integrated, our mod-
ular framework is explicitly designed to remain
classifier-independent. Our evaluation examines
three criteria: candidate-pair reduction rate, end-
to-end processing time, and downstream predictive
quality. Performance is reported per class in a one-
vs-rest configuration using the Matthews Correla-
tion Coefficient (MCC) (Matthews, 1975) to ac-
count for severe class imbalance. All classification
experiments were conducted on a single NVIDIA
L40S GPU with peak memory consumption below
1.4 GB, underscoring the feasibility of our pipeline
in resource-constrained settings.

5 Filtering Results & Discussion

The graph-level reduction step substantially de-
creased the search space, removing noise irrelevant
to the task, while fully preserving the relevant argu-
mentative relations. Out of a total of 3,570 possible
graph pairs in the dataset, our unsupervised cluster-
ing approach selected only 170 pairs, 4.76% of the
total. Despite this significant reduction, 100% of
the 1,093 gold-standard argumentative node pairs
were retained within the predicted graph pair sub-

set, demonstrating perfect recall at the graph level.
To highlight the effectiveness of our filtering strat-
egy, we compared it to a baseline in which 170
graph pairs were selected randomly. This baseline
retained on average only 3% of the true node-level
argumentative pairs (34 out of 1,093). In terms
of node-level complexity, this reduction translated
into a decrease from over 167 million possible inter-
graph node pairs to approximately 7.99 million,
a 95.23% reduction of comparisons required for
downstream processing.

At the node level, our evaluation highlights the
trade-off between candidate node-pair reduction
and recall of the ground truth relations across filter-
ing strategies. Table 4 reports our results regarding
two metrics: (i) the percentage of node pairs re-
tained after filtering (based on the graph-filtered
subset), and (ii) the percentage of ground truth
cross-graph relations preserved. This evaluation
quantifies the balance between reducing the search
space and maintaining essential semantic connec-
tions. Among the three individually tested meth-
ods, Sentence-BERT similarity achieved the high-
est coverage of annotated relations, outperforming
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Run Time MCC - per class

Approach Node Pairs Reduction (hhemm) None MA RA CA
Original Data 167,401,606 34:34  0.0044  0.0040  0.0029  0.0022
Graph Reduction 7,985,230 95.23% 01:00  0.0174  0.0165 0.0113  0.0089
Graph & Node Reduction 1,597,046 99.10% 00:15  0.0253  0.0272  0.0157  0.0175

Table 5: Summary of argument relation classification performance, including dataset size, reduction rate, runtime,
and per-class MCC for the three relation types (MA, RA, CA) and the no-relation class (None). Results are shown
for the original data, the graph-level reduced subset, and the node-level filtered subset. Classification is based on an
SBERT model pretrained on the ARI task. Node-level filtering employs the TF-IDF+SBERT method with ‘adaptive

coverage’ combination.

both TF-IDF and graph-based node embeddings.
It retained more positive ground truth pairs while
leading to the largest reduction of the candidate
space. Combining Sentence-BERT with TF-IDF
led to a small improvement in recall but increased
the search space. Overall, these results suggest that
pretrained semantic embeddings are more effective
than surface-level lexical similarity for preserving
argumentative links. None of the methods achieved
complete coverage and retained all ground truth
relations, as pairs with zero semantic similarity are
inherently excluded by the similarity-based filter-
ing. The inference (RA) relation proved especially
difficult to retain using all methods, suggesting
some relations rely on implicit cues not captured
by text or embedding similarity alone. Advanced
combinations of the filtering methods did not im-
prove recall. However, they offer more flexibility
to adapt the filtering process, aiming for a higher
percentage of retained ground truth relations or a
larger reduction of the search space.

The combination of graph-level clustering and
node-level filtering reduced the candidate search
space by more than 99%, as can be observed in
Table 5. This leads to lower computational costs
and shorter processing time, transforming a task
involving millions of node comparisons into a man-
ageable workflow that preserves most of the rel-
evant argumentative content. At the class level,
MCC scores on the filtered data are five to eight
times higher than those obtained without filtering.
This substantial increase indicates that reducing
the search space improves not only computational
efficiency but also the performance of relation iden-
tification by limiting noisy candidate pairs. Al-
though the absolute MCC values appear low (0.016
- 0.027), this is expected given the extreme class
imbalance inherent in unconstrained discourse re-
lation identification. In our setting, true cross-
subgraph argumentative links account for less than

0.07% of the candidate space even after a 99.1% re-
duction of the original dataset. Rather than an inher-
ent limitation of our framework, these scores illus-
trate the fundamental difficulty of distributed argu-
ment mining. Together, these results demonstrate
that integrating graph embeddings with graph- and
node-level filtering provides an efficient, scalable,
and adaptable foundation for real-world argument
mining in distributed discourse.

6 Conclusion

In this work, we addressed relation identification
in long-document settings, where the quadratic
growth of candidate pairs makes direct process-
ing computationally prohibitive. We proposed a
lightweight, modular framework that combines
graph-level clustering with node-level filtering, us-
ing semantic and structural embeddings to capture
both local content and global structure. Our find-
ings highlight three key advantages of the proposed
approach: (i) it enables scalable graph-based rea-
soning in long- and cross-document discourse, (ii)
it effectively reduces the search space through unsu-
pervised pre-filtering while retaining relevant can-
didate links for downstream inference, and (iii) it
provides a flexible, modular architecture that sep-
arates candidate selection from classification and
can be integrated with existing models.

We show that simple, well-designed filtering
strategies lead to improved efficiency without loss
in performance, in fact improving accuracy. Our
two-stage pipeline reduces candidate pairs by over
99% and improves relation classification accuracy
by a factor of 6.5 compared to the unfiltered base-
line. These results demonstrate that scalable, un-
supervised filtering prevents computational bottle-
necks and enhances downstream learning by reduc-
ing noise. More broadly, our results suggest that
lightweight pre-filtering offers a practical path to
scalable reasoning over long or distributed texts.
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Limitations

While our framework offers an efficient approach
to reducing the argumentative search space, some
limitations remain that open directions for future
work.

First, the dataset used in our experiments, though
suitable for an initial exploration of the problem,
was not designed to capture long-range argumen-
tative relations. The development of dedicated
resources with explicit annotations for such re-
lations would allow for more precise evaluation
and stronger empirical grounding. Creating such
datasets is costly and labour-intensive, but repre-
sents a crucial step for advancing this area.

Second, pretrained sentence embeddings can ex-
hibit representation anisotropy, potentially skewing
cosine similarity distributions. While our empiri-
cal results show that filtering reliably retains gold
relations, our framework does not apply explicit
geometric corrections to counter this effect.

Third, we observe variation in how well differ-
ent relation types are preserved during filtering,
with inference relations (RA) proving more diffi-
cult to retain. This suggests that future work could
benefit from more targeted filtering strategies that
adapt thresholds or selection criteria to the specific
characteristics of each relation type. Although our
methods substantially reduce the number of can-
didate graph and node pairs, the remaining search
space is still large. This challenge highlights the in-
herent difficulty of a vast search space and the need
for further optimisation of downstream models to
effectively handle the residual complexity.
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A Data
A.1 QT Dataset

The QT30 dataset is an extensive annotated collec-
tion of dialogical argumentation from 30 episodes
of BBC’s “Question Time”. The dataset, compris-
ing 19,842 utterances and approximately 280,000
words, represents one of the largest corpora of anal-
ysed broadcast political debate. QT30 is being ex-
panded with 20 additional episodes annotated in the
same style, increasing the size to form QT50. The
dataset captures the dynamic interactions between
public and political figures, featuring questions
from the audience on current political issues and
responses from a panel of UK political and societal
figures. The QT dataset is annotated using Infer-
ence Anchoring Theory (Budzynska et al., 2014),
a framework in manual argument analysis that de-
scribes the structure of arguments and relations
between them. In this project, data from individual
episodes of the show in the Argument Interchange
Format (AIF) (Chesiievar et al., 2006) are used.
The AIF is designed for argument construction, rep-
resentation, visualisation, and exchange of data in
a standardised notation. AIF is using a graph-based
structure where arguments represented as networks
of text sections that are connected through relations
such as inference or conflict. Each episode’s data
is divided into multiple sections, with a separate
Inter-Map Communication (IMC) map connecting
arguments between sections.

A.2 Data Preprocessing

During preprocessing, all sections of an episode
and their corresponding IMC annotations are inte-
grated into a single AIF representation, producing
one combined argument graph per episode. Each
graph merges the node maps that define the argu-
mentative units and their roles with the IMC map,
capturing interrelations across sections, resulting in
a unified structure for downstream analysis. As part
of graph construction, non-essential node types are
removed to streamline the representation. Specifi-
cally, locution (L), illocution (YA), and transition
(TA) nodes are excluded. In contrast, nodes denot-
ing argumentative relations such as rephrase (MA),
inference (RA), and conflict (CA) are converted
into labelled, typed edges between relevant text
nodes, preserving relationships in a simplified form.
The dataset features diverse argument structures,
including convergent and linked arguments. For the
purposes of this analysis, we abstract away from

Data Edges MA RA CA
Dataset 1093 511 467 115
Train 580 281 239 60
Val 235 104 105 26
Test 278 126 123 29

Table 6: Overview of the cross-graph edges in the
dataset overall and in the three splits. Showing the
total number of edges and the class distribution for the
three classes rephrase (MA), inference (RA), and con-
flict (CA).

internal argument composition and focus solely on
pairwise relationships between content nodes. This
reduction to labelled edges simplifies the graph
structure while retaining key relational information.
Further preprocessing ensures consistency and in-
tegrity across the data. Inconsistencies between
node maps and IMC annotations are resolved, and
the individual node identifiers are aligned across all
maps. Additionally, duplicate nodes and redundant
or contradictory edges are identified and removed.
The resulting graphs are clean, structurally coher-
ent, and ready for use in argument mining tasks.

A.3 Data splits

The dataset is split into training, validation, and
testing subset before any training to ensure an even
distribution of all argument relation classes within
the sets. Due to only small numbers of cross-graph
relations in the data and an uneven distribution
of the three classes MA, RA, CA, the data subset
are created with a split close to the class distribu-
tion in the overall dataset. To achieve this, a class-
balanced splitting strategy is used to assign graphs
to each subset. This method prioritises maintain-
ing proportional representation of each class across
the splits by iteratively allocating graphs based on
their contribution to the class totals, helping to
reduce imbalance and supporting reliable evalua-
tion. Table 6 shows an overview of the number of
cross-graph relations in the dataset overall and the
different data splits.
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B Structural and Semantic Embeddings
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Figure 4: Embedding space of the semantic and struc-
tural graph embeddings using a) the embeddings of the
node text, b) GNN training for structural embeddings,
and c) a combination of both. Each data point repre-
sents a graph; colours indicate subgraphs from the same
QT episode. Green edges indicate correctly predicted
relations between graphs and red edges false positives.

Embedding Acc Prec  Recall F1
SBERT 98.40  77.83 92.94 84.72
RGCN 97.54  69.52  85.88 76.84
Combined 100.00 100.00 100.00 100.00

Table 7: Performance of semantic, structural, and com-
bined graph embeddings in identifying related sub-
graphs of the QT episodes.

To evaluate the different embedding types, we test
how well they allow us to find subgraphs belong-
ing to the same QT episode. We perform basic
clustering of the SBERT and the RGCN embed-
dings individually and combined, to compare the
performance. Table 7 shows that the combination
of the structural and semantic embeddings achieves
perfect performance on this task. Figure 4 visu-
alises the clustering results of the three different
embedding types.
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C Filter Combinations

A brief overview of the eight different approaches
that were employed and evaluated for effectively
combining the node-level filtering methods.

Intersection This strict strategy includes only
those node pairs that are identified by all selected
filtering methods. It favours high precision and
is well-suited when agreement between methods
is a strong indicator of relevance. However, it of-
ten results in lower recall, as it excludes any pairs
missing from even a single method.

Voting In this more lenient strategy, a node pair
is retained if it is found by the majority of the
methods. This balances between strict filtering and
inclusivity, offering improved recall over intersec-
tion while still requiring some agreement between
methods.

Rank Aggregation Instead of relying on abso-
lute similarity scores, this strategy aggregates rank-
ings of node pairs from each method, as different
similarity scales may lead to one method dominat-
ing integration. We explicitly discard raw similarity
values and instead rely only on the relative order-
ings (ranks) within each method. This ensures that
all methods contribute equally, since what matters
is whether a candidate pair is consistently ranked
near the top across methods, not the specific score.
The average rank normalises across heterogeneous
scales by design, making the integration robust to
the problem of different similarity scales.

Progressive Filtering This strategy combines the
outputs of the selected filtering methods in a step-
wise manner, starting with a strict intersection of
node pairs that all methods agree on and then grad-
ually relaxing the selection criteria. Initially, only
pairs present across all methods are retained, which
ensures high precision but often results in low pair
coverage. To address this, the method introduces
additional pairs based on majority voting, where
pairs supported by more than half of the methods
are incrementally added back, prioritised by their
average similarity scores. This process continues
until a predefined target proportion of pairs, relative
to the total possible pairs, is reached or a maximum
pair ratio threshold is exceeded. The progressive
approach is designed to balance precision (from
strict intersection) and recall (via controlled voting-
based expansion), rather than relying on voting
alone.

Confidence-Weighted Union This approach in-
cludes all node pairs found by any method but
applies a weighted scoring function. It is imple-
mented as a linear combination of three confidence
signals: the average similarity across active meth-
ods (40% weight), the maximum similarity across
methods (30%), and the fraction of methods in
agreement (30%). This produces a single confi-
dence score that prioritises both strong individ-
ual matches and consistent cross-method support.
A configurable confidence threshold controls the
strictness of inclusion, offering a soft union mecha-
nism with prioritisation.

Balanced Scoring This method explicitly opti-
mises for a trade-off between reduction (efficiency)
and recall. It computes a composite score for each
node pair based on similarity quality and inter-
method agreement, weighted according to a tun-
able balance parameter. It is particularly useful for
adaptive tuning in task-specific settings.

Adaptive Coverage This strategy aims to retain
a sufficient number of high-scoring pairs to meet
a predefined coverage target, using similarity and
agreement scores. The top-ranked node pairs are
selected up to a maximum number, adjusting thresh-
olds as needed to ensure the target is achieved while
keeping the candidate pool within resource con-
straints.

Hybrid Filtering This strategy combines the
strengths of multiple other strategies. It begins
with the high-precision intersection set, then se-
lectively adds high-confidence node pairs from the
voting strategy that were not already included. This
two-stage process allows tight control over pair se-
lection while extending coverage where needed.
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