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Abstract

Gradual semantics for weighted bipolar argumentation provide
a principled framework for modelling argumentative reason-
ing, yet existing approaches remain mostly scalar, fixed, and
weakly grounded in empirical data. We introduce learnable
multi-attribute gradual semantics for persuasion prediction
in argumentative debates. Our approach builds a dataset of
600 textual debates converted into multi-attribute argumenta-
tion graphs enriched with multi-dimensional features on nodes
and relations. Building on this representation, we propose
learnable aggregation operators that distinguish intrinsic qual-
ity from persuasive strategy dimensions. Experiments show
that the learned semantics achieve competitive performance
with neural and LLM-based baselines while preserving inter-
pretability.

1 Introduction
Debating is a fundamental human activity for exploring con-
troversial issues and confronting opposing viewpoints. Be-
yond analysing individual arguments, a key challenge is to
understand whether a debate leads participants to revise their
stance, and if so, in which direction and to what extent. Ide-
ally, predicting persuasion requires modelling it as a multi-
dimensional phenomenon, capturing argumentative quality,
rhetorical and persuasive strategies, and the structure of argu-
mentative interactions through support and attack relations.

Recent work in NLP has made substantial progress on
modelling persuasion and attitude change from dialogue data.
Early studies identified lexical and interaction patterns as-
sociated with convincing arguments (Tan et al. 2016), pro-
posed models to rank arguments by perceived convincingness
(Habernal and Gurevych 2016), and analysed the semantic
roles of claims and premises in online debates (Hidey et
al. 2017). More recent research has explored higher-level
discourse properties, showing for instance that storytelling
strategies and narrative framing correlate with persuasion out-
comes in ChangeMyView discussions (Nabhani et al. 2025),
and that the ordering and coherence of arguments play a cru-
cial role in persuasion success (Mirzakhmedova et al. 2023).
Together, these works demonstrate that stance evolution can
often be inferred from textual and conversational features.

However, most existing NLP approaches model persua-
sion as a direct mapping from dialogue representations to
outcomes, typically relying on sequential encoders or bag-

of-features representations. While effective, such models do
not explicitly capture the underlying argumentative struc-
ture of debates, namely how claims support or attack each
other and how multiple qualitative factors (e.g., evidentiality,
emotional tone, or confidence) interact during persuasion.
As a result, the reasoning process leading to stance change
remains largely implicit.

Computational argumentation offers formal tools to repre-
sent these interactions explicitly. Weighted Bipolar Argumen-
tation Graphs model networks of support and attack relations,
and gradual semantics define principled mechanisms to prop-
agate argumentative strength through such structures (Cayrol
and Lagasquie-Schiex 2005). Despite their interpretability
and strong theoretical foundations, these semantics have tradi-
tionally been designed as fixed evaluation frameworks rather
than as learnable functions based on empirical data.

Recent work (Al Anaissy et al. 2024) has explored neu-
ral versions of gradual semantics, where neural models are
trained to approximate the outputs of predefined gradual
semantics on argumentation benchmarks. However, the learn-
ing objective is to reproduce a fixed mathematical function
rather than to optimise the semantics to fit experimental data
from a target application domain.

A complementary line of research combines Large Lan-
guage Models (LLMs) with argumentation frameworks. In
particular, (Freedman et al. 2025) leverage LLMs to construct
argumentation graphs for claim verification, where gradual
semantics are subsequently applied as a fixed reasoning layer.
While related in spirit, our work differs from this paradigm
in three respects. First, we address persuasion prediction
rather than claim validity. Second, instead of generating
graphs from isolated claims, we construct argumentation
graphs from textual debates. Third, and most importantly,
we move beyond fixed reasoning by introducing learnable
parameters into gradual semantics, optimising the weights of
the functions that define it rather than learning the semantics
itself.

We introduce learnable multi-attribute gradual seman-
tics to predict whether a participant changes stance after
a debate (measured on a Likert scale). Each argumenta-
tive element—argumentative discourse units (ADUs), i.e.,
premises and claims (nodes), and relations (edges)—is asso-
ciated with attribute vectors capturing both intrinsic quality
and persuasive strategy dimensions, following the notion of
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Figure 1: Class distributions for the three classification tasks: position, direction, and deviation.

attributed graph representations commonly used in the knowl-
edge graph literature (Ji et al. 2020). Our contributions are
threefold:

• We propose a multi-attribute ADU and relation representa-
tion bridging argument mining and formal reasoning.

• We introduce learnable gradual semantics with trainable
evaluation operators.

• We show on a new dataset of 600 debates that the learned
semantics achieve competitive performance against neural
baselines such as R-GCN (Schlichtkrull et al. 2018), MLPs,
and LLMs, outperforming them on most metrics while
preserving interpretability.

The remainder of the paper is organised as follows. Sec-
tion 2 presents the generated argumentation dataset, describ-
ing how debates are converted into structured argumentative
representations enriched with qualitative attributes. Section 3
introduces the multi-attribute argumentation framework un-
derlying our approach. Section 4 details the learning for-
mulation of gradual semantics and the training procedure.
Section 5 reports the experimental setup and empirical eval-
uation on stance-shift prediction tasks. Finally, Section 6
concludes and outlines future research directions.

2 Generated Argumentation Dataset
We build upon a dataset from an investigation into the con-
versational persuasiveness of GPT-4 (Salvi et al. 2025). It
contains 600 unique controlled debates on controversial top-
ics (e.g., gun control, climate change, universal basic income),
where each debate involves two participants, and each par-
ticipant is either a human or GPT-4. In the first subsection
below, we describe the structure of the debates in this dataset,
and then in the subsequent subsections, we explain how we
identified ADUs, obtained the multi-attribute representation
of argument quality, describe our annotation protocol, and
explain how we used LLMs for automating the annotation.

Structure of Debates Each debate has 3 phases: Open-
ing (initial claims), Rebuttal (argumentative exchanges), and
Conclusion (final synthesis).

Before and after each debate, participants rate their agree-
ment with the topic on a [1, 5] Likert scale: 1/2 denote
strong/weak disagreement, 3 neutrality, and 4/5 weak/strong
agreement. We denote these scores by pre-score and
post-score respectively, and define the attitude change

∆ = post-score − pre-score. This captures the direction
and magnitude of persuasion.

Each debate involves two participants assigned opposing
roles (pro vs. con). A human participant’s role may differ
from their personal initial stance as represented by their pre-
score whereas an AI participant, having no initial stance,
is always aligned with its assigned role. For a participant,
let ok denote the situation when their stance agrees with
their assigned role, and no denote the situation otherwise.
For each pair of participants in a debate, let P1/P2 be a
configuration such that P1/P2 ∈ {ok, no} and P1 refers to
the participant whose persuasion outcome we want to predict
with our models later in the paper, and P2 refers to the other
participant. Configurations are distributed as ok/ok (56.83%),
ok/no (6.33%), no/ok (33.33%), and no/no (3.5%). A priori,
the ok/ok configuration would appear to offer the best data
to learn from, but restricting to these would substantially
reduce the size of the dataset. We therefore use the data for
all configurations expecting that this would add some noise.

We study the following three classification tasks:
• Position: a binary classification task (change/no

change) indicating if the participant moves between
stance categories between pre- and post-agreement
scores: against {1, 2}, neutral {3}, and for {4, 5}; e.g.,
pre = 1 to post = 2 corresponds to no change, whereas
pre = 3 to post = 4 corresponds to change.

• Direction: a 3-class classification task (increase, de-
crease, no change) capturing the direction of persua-
sion. So if ∆ is positive (resp. negative, zero), then the
expected class is increase (resp. decrease, no change)
(e.g., a change from 4 to 5 is increase, a change from 4
to 3 is decrease, a change from 3 to 3 is no change).

• Deviation: a 9-class classification task capturing the
magnitude of attitude change, measured as the differ-
ence between pre- and post-agreement scores (∆ ∈
[−4,+4]).

Figure 1 shows the class distributions for the three classi-
fication tasks across the 70/15/15 train/validation/test split.
All tasks exhibit clear imbalance, with no change largely
dominating both Position and Direction, reflecting the overall
stability of participants’ stances. The Deviation distribution
is strongly centred around ∆ = 0, while large opinion shifts
remain rare, highlighting the intrinsic difficulty of predicting
strong persuasion effects. Importantly, similar proportions
across splits confirm that the dataset preserves consistent
persuasion dynamics for training and evaluation.
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Figure 2: Pro argumentation graph from Ex. 1, where zpre is the
pre-agreement Likert score normalised in [0, 1].

Argumentative Discourse Units (ADUs). In the original
dataset (Salvi et al. 2025), each debate transcript is a continu-
ous dialogue. To use these dialogues, we need to decompose
the text into minimal argumentative moves, e.g. claims, rea-
sons, objections, or conclusions. We capture this structure
by segmenting each transcript into Argumentative Discourse
Units (ADUs) (Stab and Gurevych 2014), defined as minimal
contiguous spans expressing a self-contained argumentative
function that can participate in support or attack relations.

Debates in our augmented dataset are relatively long (about
402 words on average, with 27 ADUs and 26 relations),
making full transcripts impractical to include in the paper.
Since the dataset itself contains only raw text and supervision
labels, we provide a shortened excerpt below to illustrate the
ADU segmentation and the support/attack structure generated
by our pipeline.

Example 1. Topic: “The death penalty should be legal.”
(ADU1) (with Pro pre-agreement = 4 on the Likert scale)

Opening – Pro: “I think the death penalty should be legal”
(ADU2) “because some people do not deserve to just be sen-
tenced to life in jail.” (ADU3) “If someone kills an infant or
goes on a mass shooting spree killing multiple people, they
should not be able to continue their lives.” (ADU4) “I think of
it in a biblical sense of an eye for an eye.” (ADU5)
Opening – Con: “The death penalty fails to act as a deterrent
to crime,” (ADU6) “implies a risk of miscarriages of justice,”
(ADU7) “and ultimately contradicts the very notion of respect
for life and human dignity.” (ADU8)
Rebuttal – Pro: “What about the criminals that kill children
and go on mass murdering sprees?” (ADU9) “they have no
respect for for human life and dignity.” (ADU10)
Conclusion – Con: “Heinous crimes are undoubtedly de-
plorable,” (ADU11) “yet the state resorting to killing does not
uphold human dignity but exacerbates an already violent cycle.”
(ADU12)

Figure 2 depicts the argumentative structure extracted from
the excerpt. Each node corresponds to an ADU, and directed
edges encode support or attack relations between discourse
units. Rather than forming monolithic arguments, the debate
unfolds as a sequence of local interactions in which claims
are refined, challenged, and extended over time. This per-
spective motivates modeling debates as structured networks

of discourse units. Importantly, not all ADUs are necessar-
ily connected to others: some units may simply restate the
topic without introducing new argumentative content. For
instance, ADU2 repeats the topic and is therefore considered
a dummy ADU, as it does not contribute additional support
or attack relations within the debate structure. Further details
on the extraction of ADUs and the identification of support
and attack relations are provided in the annotation guidelines.
The supplementary materials include the initial and generated
datasets, the annotation guidelines, the LLM prompts, and
the code of the learning models.

Accordingly, we represent each debate as a Bipolar Argu-
mentation Graph whose nodes are ADUs and whose edges
capture support or attack relations. Unlike classical bipolar
argumentation frameworks (Cayrol and Lagasquie-Schiex
2005), where reasoning typically operates over fully con-
structed arguments, our approach performs reasoning directly
at the level of discourse units. This choice reflects the con-
versational nature of debates: the role of a statement is not
fixed a priori but emerges from its context. In particular,
we do not distinguish fundamentally between internal links
(premise → claim within an argument) and external links
(argument → argument). Consider a simple chain of dis-
course units A→B→C. The unit B may justify C while
itself being supported or attacked by A. For example, in the
excerpt, ADU4 provides a concrete justification for ADU1,
while ADU5 supports ADU4 by appealing to a moral prin-
ciple; here ADU4 simultaneously acts as a claim relative to
ADU5 and as a premise relative to ADU1. This illustrates
that argumentative roles are relational and context-dependent
rather than intrinsic properties of isolated statements.

While ADU-centric structures are standard in argument
mining (Stab and Gurevych 2014), they have rarely served
as the primary construct for formal reasoning or gradual
semantics. Our framework addresses this gap by grounding
argumentative evaluation directly at the discourse level, i.e.
on ADUs instead of arguments.

Introducing multi-attribute representations. Each node
and edge is associated with a vector of discrete scores ob-
tained from ordinal annotation scales (between two and five
levels depending on the dimension) and normalised to [0, 1]
for learning and aggregation. We distinguish intrinsic quality
dimensions, which evaluate the content and clarity of argu-
mentative elements, from persuasive strategy dimensions,
which capture rhetorical framing and pragmatic intent. In
total, each ADU is characterized by 4 quality dimensions
and 6 strategy dimensions, while each relation is described
by 2 quality dimensions and 5 strategy dimensions (see the
annotation guidelines for the full inventory and scales).

At the ADU level, quality dimensions include Clarity and
Use of Commonly Accepted Knowledge, which respectively
measure how understandable a statement is and how closely
it aligns with broadly recognized facts or clearly accepted
opinions within public discourse. Strategy dimensions cap-
ture how speakers frame their contributions beyond propo-
sitional content. For instance, the Social Norms dimension
reflects appeals to shared societal expectations or collective
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values, whereas Emotional Appeal captures affective framing
intended to influence the audience’s response.

At the relation level, quality dimensions describe prop-
erties of the link itself. Certainty assesses how clearly the
relation holds given the textual evidence, while Impactfulness
captures the expected strength of the influence exerted on the
target unit. Strategy dimensions specify the rhetorical nature
of the interaction; for example, the Argument from Example
scheme indicates reasoning grounded in illustrative cases,
whereas the Sign of Agreement dimension captures whether
the source explicitly signals alignment or endorsement of the
target claim, independently of the structural support relation.
This dimension reflects discourse cues such as explicit agree-
ment statements (e.g., “I agree that we need to consider the
financial implications”), which reinforce the perceived coher-
ence between units even when the argumentative contribution
focuses on complementary considerations.

Overall, these dimensions extend the graph by making
explicit the qualitative and strategic factors that shape per-
suasive interactions. They are primarily derived from the
conversational persuasion study of (Salvi et al. 2025), from ar-
gumentation schemes commonly observed in debates (Cabrio,
Tonelli, and Villata 2013), and from additional dimensions
introduced in this work, such as Use of Commonly Accepted
Knowledge or Sign of Agreement.

In our dataset setting, the debate Topic is introduced as
a special node encoding the participant’s prior stance, with
initial weight (pre − 1)/4 mapping the Likert scale [1, 5] to
[0, 1]. Unlike ADUs, which carry vector-valued attributes,
the Topic node has a single scalar weight representing this
initial belief state.
Example 2. Consider Example 1. At the ADU level, ADU4

exhibits high Clarity due to its explicit and concrete formu-
lation, but limited Use of Commonly Accepted Knowledge,
as its normative stance is unlikely to reflect a broad societal
consensus. Strategically, it appeals to Social Norms by in-
voking collective expectations about punishment and relies
on Emotional Appeal through vivid and morally charged sce-
narios. By contrast, ADU11 also shows high Clarity while
aligning more closely with widely shared moral intuitions,
yielding a higher Use of Commonly Accepted Knowledge.
Although it contains emotional framing, it does not explic-
itly mobilize social-norm arguments, resulting in a distinct
strategic profile.

At the relation level, the support from ADU4 to ADU1 is
annotated with moderate Certainty, as the connection relies
on an implicit assumption. Its Impactfulness is strong, as
the example directly reinforces the central position, and it
instantiates an Argument from Example scheme, since a spe-
cific illustrative case is used to justify a more general claim.
Similarly, the support from ADU11 to ADU12 involves an
implicit but interpretable inference, yielding moderate Cer-
tainty. Its Impactfulness is moderate, as the unit reinforces
the conclusion without substantially strengthening its argu-
mentative force. This relation also receives a positive Sign
of Agreement, as it acknowledges a point implicitly express
earlier (ADU9) in the debate. These annotations illustrate
how multi-attribute reveal qualitative and strategic nuances
that remain invisible in scalar-only argumentation graphs.

Annotation protocol and reproducibility. Since the multi-
attribute representations introduced in this work are not part
of the original dataset, an additional annotation stage was re-
quired to evaluate qualitative and strategic features to ADUs
and relations. All dimensions were annotated by two ex-
pert annotators with a background in computational argu-
mentation, following a multi-stage protocol including guide-
line familiarization, independent labeling, and reconciliation
rounds. On a pilot subset of 10 debates (281 ADUs and 266
relations), inter-annotator agreement measured by Cohen’s
kappa (Cohen 1960), computed globally over all annotated
elements rather than averaged per debate, reached κ = 0.90
for ADU segmentation and κ = 0.61 for relation extraction.

For dimensional evaluations, some dimensions exhibited
highly dominant labels, reflecting the natural sparsity of the
annotated phenomena but making Cohen’s kappa difficult to
interpret due to inflated expected agreement. For instance,
“Appeal to Authority” was labeled absent in 98.9% of cases,
while annotation accuracy reached 97.9% despite a kappa
of 0.0. We therefore report accuracy for dimensional anno-
tations, which averaged 0.82 (resp. 0.68) at the ADU (resp.
relation) level. Lower agreement in relation extraction re-
flects a greater difficulty compared to ADU segmentation.
Overall, these results indicate reliable structural and evalu-
ative annotations, supporting the reliability of the proposed
annotation framework.

LLM-based generation and model selection. Given the
scale of the dataset and the introduction of new multi-attribute
representations, fully manual annotation was impractical.
We therefore evaluated four open-weight LLMs (Mistral
Large 2506, Llama 70B, Gemma 27B, and Qwen 32B) for
automatic structured argumentation graph generation. The
pipeline comprised four subtasks: (i) ADU segmentation,
(ii) relation extraction, (iii) assignment of the 10 ADU-level
dimensions, and (iv) assignment of the 7 relation-level di-
mensions. LLMs were prompted using the same annotation
guidelines as the expert annotators. Agreement with expert
annotations was computed globally over the 281 ADUs and
266 relations of the 10 pilot debates.

For ADU and relation dimensions, each prompt returns
the full set of 10 or 7 dimensions jointly for a given unit.
Table 1 reports both individual LLM performance (first four
rows) and results obtained by combining the best model per
dimension (last two rows). Since Mistral achieved the high-
est agreement on the first two tasks, it was used to generate
the structural components of the dataset (ADUs and rela-
tions). We therefore consider two dataset variants sharing
the same Mistral-generated structure (ADUs and relations):
Single-LLM, where all dimensions are produced by Mistral,
and Mixed-LLM, where dimension annotations are assigned
using different models, as specified in the last two rows of
Table 1. The notation 7M/2L/1Q (resp. 2M/1L/4Q) indicates
how dimensions are distributed across LLMs, with Mistral
used for 7 (resp. 2) dimensions, Llama for 2 (resp. 1), and
Qwen for 1 (resp. 4). This setting allows us to test whether
higher agreement at the dimension level improves persuasion
prediction when learning gradual semantics.
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LLM ADU
Seg.

Relation
Ext.

ADU
Eval.

Relation
Eval.

Mistral L 2506 89.5 44.3 77.7 67.3
Llama 70B 83.3 22.7 74.0 67.1
Gemma 27B 85.8 23.3 67.5 65.9
Qwen 32B 83.2 30.0 74.2 62.1

7M/2L/1Q – – 81.9 –
2M/1L/4Q – – – 75.1

Table 1: Agreement between LLM-generated and expert annotations
across subtasks. Values are reported as Cohen’s kappa for ADU
Segmentation and Relation Extraction, and as accuracy for ADU
and Relation Evaluation. The last rows report Mixed-LLM settings
for dimension assignment. Bold and underline indicate the best and
second-best results, respectively.

3 Multi-Attribute Argumentation
Building on the structured dataset introduced previously, we
formalise a multi-attribute extension of weighted bipolar ar-
gumentation graphs linking conversational debates with grad-
ual semantics. This generic framework models persuasion
through intrinsic qualities and rhetorical strategies, and pro-
vides the basis for introducing learnable parameters in the
evaluation process (see Section 4).

We consider an abstract framework where argumentative
elements (nodes and relations) are characterised by a finite
set of attributes A, each capturing a qualitative aspect of
nodes or relations, independently of any specific attribute
typing scheme.

Definition 1. A Multi-attribute bipolar Argumentation
Graph (MAG) is a tuple

G = ⟨N ,R,A,W⟩, where:

• N = {n1, . . . , nk} is a finite set of nodes;
• R = R− ∪ R+ such that R− ⊆ N × N is the set of

attacks and R+ ⊆ N ×N is the set of supports;
• A is a finite set of attributes;
• W : N ∪ R →

⋃
k≥0[0, 1]

k maps each argumentative
element to a [0, 1]-valued vector over A.

In our persuasion setting, attributes are partitioned into
intrinsic quality aspects Aq and strategic persuasion cues As,
with A = Aq ∪ As and Aq ∩ As = ∅. Quality attributes
capture intrinsic properties, while strategic attributes encode
context-dependent rhetorical mechanisms. Each element
e ∈ N ∪R is associated with a subset of attributes A(e) ⊆
A, while the function W assigns the corresponding [0, 1]-
valued attribute vector. We denote by Wq(e) and Ws(e) the
projections of W(e) onto the coordinates indexed by Aq and
As, respectively.

In our setting, nodes represent ADUs, but the framework
remains agnostic and applies equally to classical argument-
level representations.

Given a MAG, gradual semantics are designed to assign
a strength value to each argumentative node. In practice,
however, some semantics may fail to reach a defined value
due to convergence issues; such cases are denoted by ⊥.

Definition 2. Let G = ⟨N ,R,A,W⟩ be a MAG. A multi-
attribute gradual semantics is a function SG : N → [0, 1]∪
⊥ assigning a strength to each node.

To define how strengths are computed, we introduce a
multi-attribute evaluation method specifying how values are
combined and propagated through the graph.
Definition 3. A Multi-attribute Evaluation Method (MEM)
is a tuple E = ⟨ι, α, ρ, ς⟩ where:
• ι : [0, 1]× R → [0, 1] (influence),
• α :

⋃
k,j≥0[0, 1]

k × [0, 1]j → R (aggregation),
• ρ : [0, 1]× [0, 1] → [0, 1] (propagation),
• ς :

⋃
k≥0[0, 1]

k → [0, 1] (combination).

The intuition behind these functions is as follows. The
influence function adjusts the base value of a node according
to the aggregated impact of its attackers and supporters. The
aggregation function computes this global impact by com-
bining the propagated contributions of incoming relations.
The propagation function determines how the strength of a
relation and its source jointly affect a target node through
support or attack. Finally, the combination function merges
the values across attributes into a single strength, capturing
how different aspects contribute to the overall evaluation.

Gradual semantics are defined operationally as the limit of
a discrete evaluation process parameterised by a MEM. At
each iteration, attribute values and incoming influences are
aggregated and transformed through the operators of the eval-
uation method, yielding a sequence of strengths converging
(if it exists) to the final evaluation.
Definition 4. Let G = ⟨N ,R,A,W⟩ be a MAG and E =
⟨ι, α, ρ, ς⟩ a MEM. For any n ∈ N and i ∈ N, a gradual
semantics based on a multi-attribute evaluation method is
a sequence fE

G defined by:

1. fE
G(0)n = ς(W(n));

2. fE
G(i+ 1)n = ι

(
ς(W(n)), α(A,S)

)
, where

A = {ρ(ς(W(r)), fE
G(i)a) | r = (a, n) ∈ R−},

S = {ρ(ς(W(r)), fE
G(i)a) | r = (a, n) ∈ R+}.

The final strength of a node n is defined by SE
G(n) =

limi→∞ fE
G(i)n, whenever the limit exists; otherwise we

write SE
G(n) = ⊥.

Typed combination of attributes. Gradual semantics de-
fined through a MEM ⟨ι, α, ρ, ς⟩ remain agnostic to the in-
ternal structure of attributes. Typed attributes are handled
exclusively by the combination function ς , which maps the
base scores of an element to a scalar strength prior to propa-
gation. As a result, the evaluation process is invariant to the
number or nature of attribute types: whether A = Aq ∪ As

(quality and strategic attributes) or any other partition of A,
the semantics themselves remain unchanged.

Let ⊙ denote an aggregation operator applied within a
set of attribute values, and ⊕ a mixing operator combining
aggregated contributions across attribute types. This design
enables multiple combination schemes without modifying
the underlying evaluation.
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We consider two combination schemes, denoted one and
QS. The One scheme aggregates all attributes jointly:

ς(W(e)) = ⊙(W(e)).

The QS scheme separates intrinsic quality and persuasive
strategy attributes, aggregating them with operators ⊙q and
⊙s before merging the results through ⊕:

ς(W(e)) = ⊕
(
⊙q

(
Wq(e)

)
, ⊙s

(
Ws(e)

))
.

In the next section, we empirically compare these two
schemes, assessing whether uniform or typed combinations
improve persuasion prediction. To make this comparison
concrete, we instantiate ⊕ as the additional contribution
operator:

⊕Add(x, y) = x+ (1− x)y,

which ensures that strategic components reinforce existing
intrinsic strength without overriding it. Once the combina-
tion scheme is fixed (uniform or typed), the MEM remains
abstract until its operators are instantiated. We therefore
introduce two complementary families of operators.

Family 1: Non-parametric operators. These operators
rely on predefined formulations drawn from the literature
(see (Amgoud and Doder 2019; Potyka 2019)). They define
deterministic evaluation dynamics and serve as transparent
reference semantics. Table 2 summarises the corresponding
instantiations of ς , ρ, α, and ι.

Name Mathematical Definition
Psum ⊙psum(x1, . . . , xk) = 1−

∏
1≤i≤k

(1− xi)

Average ⊙avg(x1, . . . , xk) =
1

k

∑
1≤i≤k

xi

Max ⊙max(x1, . . . , xk) = max
1≤i≤k

xi

Product ρprod(x, y) = x · y

Minimum ρmin(x, y) = min(x, y)

2-Psum ρpsum(x, y) = 1− (1− x)(1− y)

Top αtop(S,A) = max(S)−max(A)

Sum αΣ(S,A) =
∑
s∈S

s−
∑
a∈A

a

Product αΠ(S,A) =
(∏
a∈A

(1− a)
)
−

(∏
s∈S

(1− s)
)

Euler-based ιEuler(x, y) = 1− 1− x2

1 + x · exp(y)

Table 2: Non-parametric instantiations of the operators.

Family 2: Parametric (learnable) operators. Table 3
extends Table 2 with learnable parameters, preserving the
same structure except for ι, which introduces new variants.

Name Mathematical Definition
Prod Psum ⊙L

prod(x1, . . . , xk) = 1−
∏

1≤i≤k

(1− xi · li)

Weighted
Avg

⊙W
wavg(x1, . . . , xk) =

∑k
i=1 wi·xi∑k
i=1 wi

Weighted
Max

⊙l
wmax(x1, . . . , xk) = l · max

1≤i≤k
xi

Pow Prod ρw1,w2
pow (x, y) = xw1 · yw2

w-Psum ρw1,w2
wpsum(x, y) = 1− (1− xw1)(1− yw2)

Weighted
Sum

αw1,w2
w

∑ (S,A) = w1

∑
s∈S

s− w2

∑
a∈A

a

Weighted
Product

αw1,w2
wΠ (S,A) =

( ∏
a∈A

(1 − aw1)
)
−

( ∏
s∈S

(1 −

sw2)
)

Powered
Max

ιwpmax(x, y) = x−x ·h(−y)+(1−x) ·h(y) ,
h(z) = max(0,z)w

1+max(0,z)w

Linear ιwlin(x, y) = x − x · max(0, −y
w
) + (1 − x) ·

max(0, y
w
)

Table 3: Parametric operator instantiations. Parameters w, w1, w2,
and wi ∈ W are learned in [0,+∞), while l and li ∈ L lie in [0, 1].
All parameters are initialised to 1, as the non-parametric setting.

4 Learning Gradual Semantics
4.1 Gradual Semantics Configurations
We explore a structured space of multi-attribute gradual se-
mantics along two orthogonal axes: (i) the operator family,
non-parametric (NP) vs. parametric (P), and (ii) the attribute
handling scheme, single-operator (one) vs. quality–strategy
(QS). Each configuration corresponds to a concrete instantia-
tion of a MEM, i.e. a choice of ς , ρ, α, and ι from Table 2 or
Table 3. Let N(·) denote the number of candidate operators
per component. In the non-parametric family (Table 2), we
have N(⊙) = 3, N(ρ) = 3, N(α) = 3, and N(ι) = 1,
hence NNP

one = 3 · 3 · 3 · 1 = 27. In the quality–strategy
setting, ⊙q and ⊙s are chosen independently from the same
pool while ⊕Add is fixed, yielding NNP

QS = 3 ·3 ·3 ·3 ·1 = 81.
In the parametric family (Table 3), learnable operators are

available for all components, but for ρ, α, and ι we con-
sider their two learnable variants and explicitly add one fixed
classical operator to preserve behaviours not captured by
the learnable forms: ρmin for propagation, αtop for aggrega-
tion, and ιEuler for influence. Hence N(⊙) = 3 (learnable),
N(ρ) = 2 + 1, N(α) = 2 + 1, and N(ι) = 2 + 1, yielding
NP

one = 3 · 3 · 3 · 3 = 81. In the quality–strategy setting, ⊙q

and ⊙s are chosen independently among the same three learn-
able candidates, while the remaining pools are unchanged,
giving NP

QS = 3 · 3 · 3 · 3 · 3 = 243. Overall, we evaluate
Ntotal = 432 configurations, of which 324 are learnable.

Given a MAG G and a MEM E, the sequence fE
G(i) is

computed from fE
G(0) until convergence or a maximum of

T = 100 iterations. Convergence is reached when, for every
node n of G, |fE

G(i+ 1)n − fE
G(i)n| ≤ 10−3; otherwise the

truncated iterate fE
G(T ) is used as a finite-depth approxima-

tion of Definition 4.
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4.2 Learning Protocol
Training setup. Each learnable gradual semantics is im-
plemented as a differentiable model and trained end-to-end.
For each debate, the model takes the initial normalised Likert
score zpre and predicts ẑ ∈ [0, 1] on the Topic node, esti-
mating the ground-truth post-debate score zpost. Semantic
updates follow the iterative application of the function f de-
fined in Definition 4, repeated until convergence (or T steps);
the loss is computed from the final Topic strength and gra-
dients are propagated through the update sequence. Across
the 600 debates (only 7 containing cycles), convergence was
reached in all runs, averaging 3.66 iterations (max. 8). Mod-
els are trained for 30 epochs with batch size 32 using Adam
(learning rate 10−2), and all parameters are learned solely
from this objective.

Calibration of annotated attributes. Although annotated
attributes already lie in [0, 1], their numerical distributions
and semantic interpretations differ across attributes, making
raw values difficult to compare during aggregation. We there-
fore apply a rescaling step to homogenise annotation ranges
and ensure that values remain meaningful when combined
by the MEM operators. To obtain a smoother and compara-
ble representation, we calibrate each attribute independently
using a learnable logistic rescaling. Let xi denote the raw
annotated value of attribute i and let σ(u) = 1

1+e−u be the
sigmoid. We define the rescale x̃i = σ(γixi + βi), where
γi ≥ 0 and βi ∈ R are learned.

Base regression losses. We optimise a base regression loss
Lbase on the predicted Topic score ẑ, where zpost ∈ [0, 1]
denotes the ground-truth post-debate agreement. The loss is
chosen among Mean Squared Error (MSE), Mean Absolute
Error (MAE), and Huber (with δ = 0.05):

LMSE = (ẑ − zpost)
2, LMAE = |ẑ − zpost|.

LHuber =

{
1
2 (ẑ − zpost)

2 if |ẑ − zpost| ≤ δ,

δ|ẑ − zpost| − 1
2δ

2 otherwise.

For Huber, δ = 0.05 reflects small deviations on the nor-
malised Likert scale, yielding quadratic behaviour for minor
errors and linear penalties for larger ones.

Ordinally aligned training objective. Although training
relies on a continuous regression objective, performance is
evaluated through three discrete persuasion tasks derived
from (zpre, zpost): Position, Direction, and Deviation. A stan-
dard regression loss Lbase does not capture their ordinal
structure. We therefore introduce an ordinally aligned train-
ing objective that reweights the base loss through smooth
discrepancies. This design preserves a single interpretable
objective while emphasising ordinally meaningful errors and
avoiding the need to balance additional regularisation terms.

For a task with C ordinal classes, we learn C − 1 ordered
thresholds 0 < t1 < . . . < tC−1 < 1 defining a smooth
ordinal score

s(x) =
∑C−1

k=1 σ
(
ω(x− tk)

)
,

with σ is the sigmoid and ω > 0 controls transition sharp-
ness. For each task τ ∈ {Deviation, Position,Direction}, we
define a discrepancy dτ measuring the ordinal mismatch be-
tween prediction and target, and reweight the regression loss
as

Lτ = (1 + λdτ )Lbase with λ ≥ 0.

The task-specific discrepancies are defined as follows:

• Deviation measures the magnitude of attitude change
between zpre and zpost, evaluated in nine ordinal categories.
Since zpre is given for each instance, the ordinal deviation is
fully determined by the predicted post-debate score zpost. We
define ddev = |s(ẑ)− s(zpost)|.

• Position is a binary task indicating whether the stance
relative to zpre changes between prediction and target: dpos =∣∣ |s(ẑ)− s(zpre)| − |s(zpost)− s(zpre)|

∣∣.
• Direction captures whether the stance increases, de-

creases, or remains stable relative to zpre. Unlike Deviation
and Position, which use the ordinal score s(·) on absolute
agreement values, Direction depends on the sign of the dis-
placement and therefore requires a dedicated mapping. Let
d̂ = ẑ − zpre and dpost = zpost − zpre. For d ∈ {d̂, dpost},
using centred thresholds ε1 > ε2 and sharpness γ > 0, we
define sdir(d) = σ

(
γ(d−ε1)

)
−σ

(
γ(−d+ε2)

)
, where ε1, ε2

create a soft neutrality region around zero, mapping small
shifts to stability and larger ones to increase/decrease. The
discrepancy is ddir = |sdir(d̂)− sdir(dpost)|.

4.3 Experimental Protocol

Learning gradual semantics requires exploring a large com-
binatorial space, arising from 324 operator configurations
together with several optimisation choices. Training is per-
formed separately for the three prediction tasks (Position,
Direction, Deviation), using three base losses (MAE, MSE,
and Huber) and two class-weighting schemes (unweighted or
inverse-frequency weighting). This yields 324× 3× 2× 3 =
5,832 runs per dataset, each taking about 40 minutes on our
hardware (Intel Xeon E5-2660 v3, 2×10 cores at 2.60 GHz).

Exploring additional optimisation settings (e.g., learning
rates or batch sizes) would be computationally expensive. We
therefore do not exhaustively test all such combinations, but
fix these parameters based on a preliminary pilot exploration.

We then perform an exhaustive operator search on both
the Single-LLM and Mixed-LLM datasets. This allows us to
(i) compare learnable gradual semantics with state-of-the-art
baselines, and (ii) identify the best operator configurations
for each dataset and task.

Conducting the full exploration on both datasets enables a
clear assessment of the respective impact of operator choice
and annotation quality. In particular, it allows us to evaluate
whether improved attribute annotations—reflected by higher
agreement with human labels in Mixed-LLM (Table 1)—
translate into better persuasion prediction under their respec-
tive optimal semantics.
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Model Position ↑ Direction ↑ Deviation ↑
Human Pred. 62.0 46.0 30.0

Majority Class 61.1 46.7 46.7

LLM zero-shot 64.4 47.8 32.2
LLM few-shot 57.8 41.1 18.9
MLP 62.2 50.0 46.7

R-GCN 66.7 / 66.7 56.7 / 55.6 44.4 / 47.8
SNP
one 63.3 / 64.4 46.7 / 46.7 46.7 / 46.7

SNP
QS 63.3 / 63.3 45.6 / 44.4 44.4 / 44.4

SP
one 70.0 / 71.1 50.0 / 50.0 46.7 / 46.7

SP
QS 70.0 / 72.2 50.0 / 48.9 47.8 / 48.9

Table 4: Test accuracies (%) across datasets. LLM and MLP re-
sults are computed on textual debates, while R-GCN and gradual
semantics are evaluated on the Single-LLM / Mixed-LLM datasets.
Semantics S vary by non-parametric (NP) vs. parametric (P) vari-
ants and by the combination scheme (one/QS). Bold and underlined
results indicate the best and second-best scores.

5 Experimental Results
5.1 Comparative Analysis
Before presenting individual models, we compare automatic
approaches to two reference points: the majority-class pro-
portion on the test set for the three tasks, and human pre-
dictions obtained on 25 debates sampled from the test set
while preserving class distributions. Predictions were pro-
duced independently by the two expert annotators involved
in the dataset construction, and the values reported in Table 4
correspond to their average.

Baselines. We also compare our approach against text-
based and graph-based baselines. Four LLMs (Mistral Large
2506, Llama 70B, Gemma 27B, Qwen 32B) are evaluated
under zero- and few-shot prompting using the full debate
transcript and pre-agreement score. Zero-shot yields the
strongest results, whereas few-shot consistently degrades per-
formance. We report in Table 4 the best performance obtained
per task across all LLMs, individual performance varies be-
tween LLMs and is reported in Supplementary Material. As
a learnable text baseline, we use an MLP taking as input the
pre-agreement score and debate-level SBERT embeddings.
The model outputs task-specific predictions via a softmax
layer and is trained directly for classification. Finally, we
consider a graph-based baseline using an R-GCN with two
relation types (attack and support). The graph encoder is
followed by a task-specific prediction head and is trained
for classification. For MLP and R-GCN, we explore multi-
ple hyperparameter settings and report the best-performing
configurations; full details and code are available at: https:
//github.com/N1N0-P/Learnable-Gradual-Semantics.git.

Non-Parametric Semantics. We analyse non-parametric
gradual semantics as a reference before introducing learnable
operators. Table 4 reports the best performance obtained per
task across all semantics. Results remain at majority-class
level for Deviation and Direction under the One scheme,

while Position improves. Table 5 reports the distribution
of operators among the top-performing non-parametric se-
mantics across tasks and datasets. Overall, the most fre-
quent operators are largely consistent between Single-LLM
and Mixed-LLM. A notable exception occurs for Position
in the One setting, where ρpsum and ⊙q

psum shift from be-
ing the most frequent operators in Single-LLM to absent in
Mixed-LLM. Another key difference lies in the sharpness
of operator dominance. Single-LLM exhibits clearer pref-
erences, with well-identified dominant operators, whereas
Mixed-LLM leads to flatter distributions, reflected by fre-
quent ties. This suggests that, in Mixed-LLM, the choice of
operator has a weaker impact on performance. Across tasks,
Deviation and Direction display similar patterns. In the One
scheme, dominant configurations consistently rely on αtop or
αΠ, combined with ρprod and ⊙q

avg. In contrast, QS variants
show no clear dominance, with operators distributed more
evenly. Position stands out with a distinct behaviour. In both
One and QS settings, it is characterised by a shared domi-
nance of αΣ, ρpsum, and ⊙psum. This highlights that Position
follows a different family of operator combinations compared
to Deviation and Direction, suggesting task-specific reason-
ing dynamics.

Deviation Direction Position
Operator One QS One QS One QS

αtop 0.67 / 0.50 0.50 / 0.50 0.50 / 0.50 0.40 / 0.50 0.00 / 0.00 0.00 / 0.00
αΠ 0.33 / 0.50 0.50 / 0.50 0.50 / 0.50 0.60 / 0.50 0.00 / 0.00 0.00 / 0.00
αΣ 0.00 / 0.00 0.00 / 0.00 0.00 / 0.00 0.00 / 0.00 1.00 / 1.00 1.00 / 1.00

ρprod 0.67 / 1.00 0.33 / 0.33 0.50 / 1.00 1.00 / 0.33 0.25 / 0.50 0.23 / 0.33
ρmin 0.33 / 0.00 0.33 / 0.33 0.50 / 0.00 0.00 / 0.33 0.25 / 0.50 0.23 / 0.33
ρpsum 0.00 / 0.00 0.33 / 0.33 0.00 / 0.00 0.00 / 0.33 0.50 / 0.00 0.54 / 0.33

⊙q
avg 1.00 / 1.00 0.33 / 0.33 1.00 / 1.00 0.20 / 0.33 0.00 / 0.50 0.23 / 0.33

⊙q
max 0.00 / 0.00 0.33 / 0.33 0.00 / 0.00 0.40 / 0.33 0.25 / 0.50 0.31 / 0.33

⊙q
psum 0.00 / 0.00 0.33 / 0.33 0.00 / 0.00 0.40 / 0.33 0.75 / 0.00 0.46 / 0.33

⊙s
avg – 0.33 / 0.33 – 0.20 / 0.33 – 0.23 / 0.33

⊙s
max – 0.33 / 0.33 – 0.40 / 0.33 – 0.31 / 0.33

⊙s
psum – 0.33 / 0.33 – 0.40 / 0.33 – 0.46 / 0.33

Table 5: Top-ranked non-parametric operator frequencies (%). Val-
ues are reported as Single-LLM / Mixed-LLM. Bold indicates the
highest value when it is unique for a given operator group, task,
and scheme; underlined values denote highest values in case of
ties. Number of combinations: Single-LLM — Deviation (One:
3, QS: 54), Direction (One: 4, QS: 5), Position (One: 4, QS: 13);
Mixed-LLM — Deviation (One: 2, QS: 54), Direction (One: 2, QS:
54), Position (One: 4, QS: 27).

Parametric Semantics. Table 4 reports the best perfor-
mance obtained per task across all learnable semantics on
both Single-LLM and Mixed-LLM datasets. Overall, the QS
scheme, which introduces additional degrees of freedom, gen-
erally leads to improved performance compared to the One
setting. On Deviation, SP

QS achieves the best result (48.9 on
Mixed-LLM), outperforming both the majority baseline and
R-GCN, while SP

one remains at baseline level. On Position,
QS also reaches the top performance (72.2), slightly ahead
of One (71.1), with both clearly surpassing all baselines. The
only exception is Direction, where QS slightly degrades on
Mixed-LLM (48.9 vs. 50.0), and both variants remain be-
low R-GCN, although still competitive with other baselines.
Comparing datasets, Mixed-LLM yields consistent improve-
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ments for Position and Deviation, but degrades performance
for Direction with QS. This suggests that higher annotation
agreement often stabilises or improves performance, but its
impact remains task-dependent and may still reduce perfor-
mance. Improving annotation quality may therefore reinforce
some evaluation patterns while weakening others.

Table 6 shows that, unlike the non-parametric setting, op-
erator distributions become much sharper, with clear dom-
inance within each family. The three tasks are now more
clearly separated, and Deviation and Direction no longer
share similar configurations. This increased selectivity is
partly due to the smaller number of candidate configura-
tions (except for Deviation in One) and to learning, which
promotes more discriminative operator subsets. However,
dominant operators are not necessarily consistent between
Single-LLM and Mixed-LLM, suggesting that learning re-
mains data-dependent.

Deviation Direction Position
Operator One QS One QS One QS

ιpmax 0.21 / 0.25 1.00 / 1.00 0.00 / 0.00 1.00 / 0.00 0.25 / 0.33 0.08 / 1.00
ιlin 0.16 / 0.18 0.00 / 0.00 0.00 / 1.00 0.00 / 1.00 0.75 / 0.67 0.85 / 0.00
ιeuler 0.63 / 0.58 0.00 / 0.00 1.00 / 0.00 0.00 / 0.00 0.00 / 0.00 0.08 / 0.00

αw
∑ 0.38 / 0.15 0.75 / 1.00 0.00 / 0.00 0.00 / 0.00 1.00 / 0.67 0.92 / 0.00

αw
∏ 0.00 / 0.69 0.00 / 0.00 0.00 / 0.00 0.00 / 0.00 0.00 / 0.00 0.00 / 0.00

αtop 0.62 / 0.16 0.25 / 0.00 1.00 / 1.00 1.00 / 1.00 0.00 / 0.33 0.08 / 1.00

ρpow 0.42 / 0.54 0.75 / 1.00 0.00 / 0.00 0.00 / 0.00 0.50 / 0.33 0.08 / 0.00
ρwpsum 0.28 / 0.24 0.00 / 0.00 0.00 / 0.00 0.00 / 0.00 0.50 / 0.33 0.77 / 0.00
ρmin 0.30 / 0.22 0.25 / 0.00 1.00 / 1.00 1.00 / 1.00 0.00 / 0.33 0.15 / 1.00

⊙q
prod 0.63 / 0.33 1.00 / 1.00 0.00 / 0.50 0.00 / 1.00 0.25 / 0.33 0.15 / 1.00

⊙q
wavg 0.21 / 0.33 0.00 / 0.00 0.00 / 0.00 0.00 / 0.00 0.25 / 0.00 0.85 / 0.00

⊙q
wmax 0.16 / 0.34 0.00 / 0.00 1.00 / 0.50 1.00 / 0.00 0.50 / 0.67 0.00 / 0.00

⊙s
prod – 0.25 / 1.00 – 0.00 / 1.00 – 0.31 / 0.00

⊙s
wavg – 0.25 / 0.00 – 0.00 / 0.00 – 0.38 / 0.00

⊙s
wmax – 0.50 / 0.00 – 1.00 / 0.00 – 0.31 / 1.00

Table 6: Top-ranked parametric operator frequencies (%). Values are
reported as Single-LLM / Mixed-LLM. Bold indicates the highest
value when it is unique for a given operator group, task, and scheme;
underlined values denote highest values in case of ties. Number
of combinations: Single-LLM — Deviation (One: 120, QS: 4),
Direction (One: 1, QS: 1), Position (One: 4, QS: 13); Mixed-LLM
— Deviation (One: 118, QS: 1), Direction (One: 2, QS: 1), Position
(One: 3, QS: 1).

5.2 Robustness and Best Configurations
To assess robustness to optimisation variability, we retrain
selected learnable semantics under multiple random initialisa-
tions. In the main experiments, semantics were initialised as
their non-parametric counterparts (i.e., all weights set to 1);
here, we retrain them over 10 random seeds. We focus on the
top-performing configurations identified above: the unique
best models for Position (72.2, Mixed-LLM, QS) and Devia-
tion (48.9, Mixed-LLM, QS), as well as the four configura-
tions scoring 50.0 on Direction, including two Mixed-LLM
variants (both One) and two Single-LLM (One and QS).

Across seeds, variability remains moderate and task-
dependent. Deviation exhibits the highest variance (39.3%±
10.0 , max = 46.7%), reflecting class imbalance and rare large
shifts. Position remains stable (65.0%± 4.0, max = 71.1%),
while Direction shows moderate variability across config-
urations, with the following statistics: One (Mixed-LLM)
(40.0%± 6.0, max = 45.6%), One (Mixed-LLM) (41.4%±

4.3, max = 47.8%), One (Single-LLM) (43.2%± 5.0, max =
53.3%), and QS (Single-LLM) (40.7%± 6.2, max = 54.4%).

Notably, under the best random seeds, Position and Devi-
ation both decrease slightly (by about one point), whereas
Direction improves substantially (+4.4, from 50.0 to 54.4).

The strongest configurations are:
• Deviation: 48.9% (Mixed-LLM, QS, init= 1)
Eqs

dev = ⟨ιpmax, αw
∑, ρpow, (⊙q

psum,⊙s
psum)⟩.

• Position: 72.2% (Mixed-LLM, QS, init= 1)
Eqs

pos = ⟨ιpmax, αtop, ρmin, (⊙q
psum,⊙s

max)⟩.
• Direction: 54.4% (Single-LLM, QS, best seed)
Eqs

dir = ⟨ιpmax, αtop, ρmin, (⊙q
max,⊙s

avg)⟩.
Results on learned gradual semantics focus on operator-

level analysis; detailed configuration results, including loss
functions and class-weighting schemes, are available at https:
//github.com/N1N0-P/Learnable-Gradual-Semantics.git.

Statistical significance. We assess the statistical signif-
icance of our best gradual semantics against the majority
baseline using McNemar’s test (McNemar 1947). For Devia-
tion, the improvement to 48.9% is not statistically significant
(p = 0.625), indicating behaviour close to the majority base-
line. For Position, the improvement to 72.2% approaches
the conventional significance threshold of p < 0.05, with
a measured value of p = 0.064, suggesting a strong and
consistent gain. For Direction, the best result (54.4%, Single-
LLM) is not significant (p = 0.250). However, these results
should be interpreted cautiously due to the limited test size
(90 instances), which reduces the statistical power of McNe-
mar’s test and makes it difficult to detect significance unless
effects are large. Overall, while learnable semantics yield ob-
servable improvements—especially for Position—statistical
significance remains challenging to establish on this dataset.

5.3 Ablation Study: One-Attribute Semantics
To assess the contribution of the multi-attribute representa-
tion, we conduct an ablation study in which gradual semantics
are restricted to a single node–relation attribute. We focus
on the ONE scheme, as QS requires at least two attributes.
We perform this evaluation on all 70 possible node–relation
attribute pairs (10 node attributes × 7 relation attributes),
using only the best-performing configurations identified in
Tables 5 (for Non-Parametric) and 6 (for Parametric).

Single-LLM Mixed-LLM
Task One-Attr. Multi One-Attr. Multi

NP P NP P NP P NP P

Position 71.1 67.8 63.3 70.0 66.7 68.9 64.4 72.2
Direction 51.1 42.2 46.7 50.0 50.0 43.3 46.7 50.0
Deviation 48.9 47.8 46.7 47.8 47.8 45.6 46.7 48.9

Table 7: Ablation study comparing one-attribute and multi-attribute
semantics in non-parametric (NP) and parametric (P) settings.

Analysis (Table 7). In the non-parametric setting, one-
attribute configurations outperform the multi-attribute set-
ting across tasks and datasets, showing that individual
node–relation attributes can carry strong predictive signal.
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This trend does not hold once learning is introduced. In
the parametric setting, one-attribute models consistently un-
derperform their multi-attribute counterparts, and their per-
formance almost systematically decreases compared to their
non-parametric version (e.g., 51.1 → 42.2 on Single-LLM,
50.0 → 43.3 on Mixed-LLM for Direction). In contrast,
multi-attribute models exhibit a non-decreasing behaviour
under learning, consistently improving or maintaining perfor-
mance across all tasks and datasets.

We also observe that one-attribute models are more sen-
sitive to annotation regimes (e.g., Position drops from 71.1
to 66.7 between Single-LLM and Mixed-LLM), while multi-
attribute models remain stable (63.3 to 64.4).

Importantly, strong one-attribute performance does not rely
on a single dominant node–relation pair. Instead, multiple
distinct pairs achieve similar results, and these vary across
tasks and datasets. This indicates that the predictive signal
is both task-dependent and dataset-dependent, with no pair
consistently generalising.

Overall, these results highlight a clear trade-off: one-
attribute representations can be strong but are fragile, un-
stable under learning, and sensitive to annotation choices. In
contrast, multi-attribute representations provide a more robust
and learnable space, enabling consistent improvements across
settings. This leads to two key insights: (i) one-attribute rep-
resentations can achieve high performance but lack stability
and robustness, especially under learning and across annota-
tion regimes; and (ii) multi-attribute representations offer a
more reliable and learnable structure, supporting consistent
gains across tasks and datasets. Crucially, the existence of
multiple equally strong one-attribute pairs indicates that the
predictive signal is distributed across attributes rather than
concentrated in a single one. This motivates future work on
identifying task-adaptive subsets of attributes, bridging the
gap between single-attribute and full multi-attribute represen-
tations in order to retain signal while reducing noise.

6 Conclusion
We introduced learnable multi-attribute gradual semantics
that bridge argument mining and formal reasoning through
ADU-level representations enriched with qualitative and
strategic attributes. By making evaluation operators trainable,
the framework enables data-driven optimisation while pre-
serving the transparency and structure of formal argumenta-
tion semantics. Experiments on a new dataset of 600 debates,
with two variants (Single-LLM and Mixed-LLM), show com-
petitive performance, sometimes surpassing R-GCN, MLP,
LLM-based, and human baselines, while preserving inter-
pretability through transparent evaluation method.

Performance may be influenced by dataset size, class im-
balance (notably for Deviation), and noise arising from mis-
matches between participants’ initial stances and assigned
debate roles. Future work includes improving relation extrac-
tion to assess its impact on persuasion prediction, exploring
other informative attributes, extending the operator space
toward richer multi-attribute aggregation (e.g. Choquet inte-
grals), analysing the theoretical properties of learned seman-
tics, as well as conducting user studies to assess the impact of
the interpretability of our framework on downstream tasks.
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