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Abstract

Large language models have improved argu-
ment mining substantially, but the associated
computational cost complicates deployment,
replication, and systematic comparison. We ex-
amine how much compression an open-source
large language model can tolerate before ar-
gument classification quality degrades. Using
gpt-o0ss-20b as the base model, we study prun-
ing with Wanda and post-training quantization
under a zero-shot prompting setup. We eval-
uate compressed variants on three argument-
mining resources, namely UKP, Args.me, and
ARIES, and contrast their behavior with gen-
eral language-model benchmarks. The results
show a consistent pattern: moderate pruning
preserves most of the original performance
on argument classification, whereas activation
quantization causes larger and more systematic
drops. The findings suggest that argument clas-
sification is more compression-tolerant than
general-purpose evaluation suites, but only up
to a point, and they should not be interpreted
as evidence that aggressive compression is uni-
versally safe. We therefore position compres-
sion as a practical way to reduce model cost
for argument analysis, while emphasizing that
claims about efficiency gains must distinguish
between preserved predictive quality and real-
ized runtime speedups.

1 Introduction

Large language models (LLMs) now deliver strong
results on many argument-mining tasks, includ-
ing stance classification, claim detection, and re-
lation prediction. This progress has come with
rapidly increasing model size, memory require-
ments, and inference cost, which makes evalua-
tion harder to reproduce and limits deployment in
resource-constrained settings. For argument min-
ing, this tension is especially relevant because many
practical uses require running inference over large
collections rather than a handful of carefully se-
lected examples.

86

Despite the practical importance of efficiency,
compression has received far less attention in argu-
ment mining than in general-purpose LLM evalua-
tion. Most published work focuses either on better
prompting strategies or on stronger base models,
while relatively little is known about whether ar-
gument classification requires the full capacity of
a modern open-source LLM. This gap matters be-
cause tasks that look fragile on broad reasoning
benchmarks may still be stable for narrower classi-
fication problems.

Recent studies of LLM-based argument classifi-
cation also suggest that performance gains do not
come only from scaling parameter counts. Pietroi
et al. show that compact or moderately sized mod-
els can remain competitive when paired with care-
fully designed inference procedures and prompting
strategies (Pietron et al., 2024, 2025). That ob-
servation motivates our question from a different
angle: if argument classification is already less de-
pendent on sheer scale than many other LLM tasks,
compression may be especially promising here.

This paper studies that question directly. We
start from gpt-o0ss-20b and apply pruning and post-
training quantization, then measure the effect of
these interventions on both standard LLM bench-
marks and three argument-mining datasets. Our
goal is not to claim that compression always im-
proves argument classification, but rather to charac-
terize where performance remains stable and where
it begins to degrade.

Our contributions are threefold. First, we pro-
vide a focused empirical analysis of compression
for argument classification across datasets with dif-
ferent label spaces and discourse structures. Sec-
ond, we show that moderate sparsification is sub-
stantially less harmful on argument classification
than on several general benchmarks. Third, we
identify the limits of this robustness: higher spar-
sity and especially activation quantization lead to
noticeable deterioration, and gains in accuracy do
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not always translate into gains in macro-F1.

2 Related Work

Argument mining has evolved from feature-based
pipelines to neural and pretrained language-model
approaches (Mochales and Moens, 2011; Lippi and
Torroni, 2016; Lawrence and Reed, 2020). Repre-
sentative datasets cover cross-topic argument iden-
tification (Stab et al., 2018), large-scale argument
search (Ajjour et al., 2019), and persuasive discus-
sion analysis (Chakrabarty et al., 2019). More re-
cent systems build on pretrained encoders and LLM
prompting, which has made zero-shot and few-shot
argument classification increasingly competitive
(Devlin et al., 2019; Wei et al., 2022; Bar-Haim
et al., 2017).

Within argument classification specifically, re-
cent work has explored how smaller open models
can be strengthened through prompting, auxiliary
reasoning steps, and post-processing rather than
by relying exclusively on ever larger base models
(Pietron et al., 2024, 2025). Our paper is com-
plementary to that line of research: instead of im-
proving a fixed model with additional reasoning
machinery, we ask how much of the model can be
removed or quantized before performance deterio-
rates.

Model compression has a long history in neu-
ral NLP and deep learning more broadly. Prun-
ing removes parameters judged unimportant, while
quantization reduces numerical precision to lower
memory and computation requirements (Han et al.,
2015; Hinton et al., 2015). For LLMs, methods
such as Wanda and GPTQ show that large models
often contain substantial redundancy, at least on
broad benchmark suites (Sun et al., 2024; Frantar
et al., 2023).

What remains underexplored is whether the
same compression behavior holds for argument
mining. Argument classification involves struc-
tured semantic distinctions, but it is still a con-
strained prediction problem with small output
spaces. That combination makes it plausible that
such tasks require less effective model capacity
than open-ended generation or broad reasoning
benchmarks.

3 Method

3.1 Compression Setup
Let the base model be parameterized by weights
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where each W; € R%**: denotes a learned linear
operator in layer /. Compression aims to reduce the
effective storage and computation associated with
© while retaining predictive quality.

For pruning, we apply a binary mask M; €
{0,1}%>#kt to each layer,

Wi =M oW, 2
where © denotes element-wise multiplication. In
our setup, pruning is unstructured rather than struc-
tured: individual weights are set to zero according
to Wanda’s activation-aware criterion (Sun et al.,
2024). This distinction matters because unstruc-
tured sparsity may preserve accuracy without auto-
matically yielding wall-clock speedups unless the
inference stack supports sparse kernels.

For post-training quantization, weights are
mapped to a lower-precision representation. Using
a uniform b-bit quantizer, a weight matrix W is

approximated as
3)

Qy(W) = A -round (A 3)

where A is a scale determined by the dynamic
range of W. The quantized weights are then

W = Qy(W). )
In the experiments below, we consider 8-bit weight
quantization and a more aggressive 8-bit weight-
plus-activation setting. The round-to-nearest (RTN)
approach is used. Each layer is quantized indepen-
dently, and quantization parameters are determined
individually for each channel within a single layer.
In case of activations, quantization is performed
dynamically (parameters are determined separately
for each token).

3.2 Base Model and Pipeline

Figure 1 summarizes the pipeline. We use gpt-oss-
20b as the base model for all experiments because
it is a popular open-source model and has already
shown strong argument-classification performance
in prior work (Pietron et al., 2025). Starting from
the original checkpoint, we produce pruned vari-
ants at multiple sparsity levels using Wanda. We
then evaluate these models either without addi-
tional quantization, with 8-bit weight quantization,
or with 8-bit quantization for both weights and acti-
vations. No task-specific fine-tuning is performed.
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Figure 1: Overview of the experimental pipeline. Starting from gpt-oss-20b, we apply pruning and post-training
quantization, evaluate the resulting variants on general and argument-mining benchmarks, and compare how

compression affects each task family.

4 Experimental Setup

4.1 Datasets

We evaluate compression on three argument-
mining resources chosen to cover distinct formula-
tions of the task.

The UKP corpus (Stab et al., 2018) is a cross-
topic argument-mining benchmark built from on-
line comments on controversial issues. We treat it
as a three-way classification problem with labels
For, Against, and No Argument.

Args.me (Ajjour et al., 2019) contains arguments
paired with debated theses from online portals such
as Debatewise, Debatepedia, and iDebate. We use
it as a binary stance classification task with For and
Against labels.

ARIES (Gemechu et al., 2024) evaluates argu-
mentative relation identification between pairs of
argumentative discourse units. We cast it as a three-
class classification problem with Support, Attack,
and No Relation.

For UKP and Args.me, very long instances were
filtered and the evaluation used stratified subsam-
ples of 2,000 instances per subset due computa-
tional constraints. Sampling details are summa-
rized in Appendix B.

4.2 Evaluation Protocol

All experiments use fixed task prompts and zero-
shot inference. The prompt templates are reported
in Appendix B, and the output-parsing summary
is reported in Appendix D. For argument-mining
datasets, we report accuracy and macro-F1. For the
general LLM benchmarks, we report accuracy.
Compression is evaluated at pruning levels of
10%, 20%, 30%, 40%, and 50%. We compare three
settings: pruning alone, pruning with 8-bit weight
quantization, and pruning with 8-bit weight-plus-
activation quantization. The general-benchmark
results are included to contextualize how compres-
sion affects broad language-model capability rela-
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Figure 2: Performance across pruning levels and quanti-
zation settings on the argument-mining datasets. Green
denotes Args.me, blue UKP, and red ARIES. Solid lines
correspond to 8-bit weight quantization; dashed lines
additionally quantize activations.

tive to argument classification.

5 Results and Discussion

5.1 General Benchmarks

Table 1 shows that the base model remains broadly
stable under moderate compression. Up to 30%
pruning with 8-bit weight quantization, most bench-
mark scores fluctuate only slightly around the base-
line. Beyond that point, deterioration becomes
more visible, especially on ARC-Easy and ARC-
Challenge. The 8-bit weight-plus-activation config-
uration is clearly less robust even at 40% sparsity.

This pattern is a useful reference for the
argument-mining results: once pruning becomes
too aggressive, the model’s general capability pro-
file degrades.

5.2 Argument Classification

Figure 2 and the detailed results in Ap-
pendix A show that argument classification is more
compression-tolerant than the general benchmarks,
although this robustness is not uniform across



Table 1: Accuracy of pruned gpt-oss-20b variants on general language-model benchmarks.

Model ARC-Easy ARC-Challenge HellaSwag PIQA Lambada Winogrande
base 0.82 0.45 0.58 0.79 0.08 0.67
pl10-8w 0.81 0.44 0.57 0.78 0.08 0.69
p20-8w 0.81 0.44 0.60 0.80 0.09 0.67
p30-8w 0.82 0.45 0.58 0.79 0.08 0.65
p40-8w 0.80 0.40 0.58 0.80 0.09 0.68
p50-8w 0.77 0.39 0.60 0.80 0.05 0.69
p40-8w8a 0.73 0.44 0.57 0.73 0.09 0.68

datasets or metrics.

For pruning without additional quantization,
UKP is remarkably stable up to 40% sparsity: accu-
racy stays within 0.005 of the baseline and macro-
F1 remains effectively unchanged. Args.me is
slightly more sensitive, but the degradation remains
small through 30% sparsity and becomes substan-
tial only at 40-50%. ARIES behaves differently.
Accuracy rises slightly at higher sparsity, peaking
at 0.626 for 50% pruning, but macro-F1 stays es-
sentially flat around 0.50. This means the apparent
gain on ARIES should be interpreted cautiously: it
likely reflects class-distribution effects rather than
a clear improvement in balanced predictive quality.

Adding 8-bit weight quantization preserves the
same overall picture. UKP and Args.me remain
competitive through moderate sparsity, and ARIES
again shows little change in macro-F1 despite small
accuracy movements. Weight-only quantization
therefore does not materially worsen the compres-
sion profile already induced by pruning.

The more aggressive 8-bit weight-plus-
activation setting is different. Here, performance
drops are systematic across all three datasets. UKP
and Args.me lose around four to ten accuracy
points depending on sparsity, and ARIES suffers
the strongest macro-F1 deterioration at 50% spar-
sity. The practical conclusion is straightforward:
moderate pruning is often acceptable for argument
classification, but activation quantization is riskier
in this setting.

6 Limitations

The study has several limitations that should tem-
per the conclusions. It covers a single base model
family, so the observed robustness may not trans-
fer directly to other architectures. We also eval-
uate predictive quality rather than direct latency,
throughput, or memory savings, which matters be-
cause unstructured sparsity does not automatically
translate into faster inference on standard hardware.
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Finally, UKP and Args.me are evaluated on sub-
samples and the experiments rely on fixed prompts
and deterministic answer parsing, which increases
uncertainty around small differences.

7 Conclusion

We revisited the role of model compression in argu-
ment classification by evaluating pruned and quan-
tized variants of gpt-oss-20b on UKP, Args.me, and
ARIES. The central result is that argument classifi-
cation remains stable under moderate pruning and
weight-only quantization even when general LLM
benchmarks begin to deteriorate. At the same time,
the evidence does not support stronger claims that
aggressive compression is universally safe; activa-
tion quantization, in particular, introduces substan-
tial risk.

Taken together, the results support a pragmatic
conclusion: for argument classification, moderate
compression is often a defensible efficiency strat-
egy, but it should be validated with task-specific
metrics and runtime measurements.

8 Future works

Several extensions follow naturally from the
present study. One direction is task-specific
fine-tuning, which would help determine whether
compression remains effective once the model is
adapted more closely to argument-classification
datasets. A second direction is to evaluate multi-
prompt inference strategies in which predictions
from several prompt formulations are aggregated,
as this may improve robustness when individual
prompts are sensitive to wording. A third direc-
tion is to design prompts that target recurring error
sources more directly, particularly contrastive dis-
course structures, multi-faceted arguments, multi-
ple negations, and cases in which referential align-
ment is lost.
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Table 2: Performance of pruned models without addi-
tional quantization.

Table 4: Performance of pruned models with 8-bit
weight and 8-bit activation quantization.

UKP Args.me ARIES UKP Args.me ARIES
Model  Acc F1 Acc F1 Acc F1 Model  Acc F1 Acc F1 Acc F1
base 0.781 0.742 0.857 0.851 0.605 0.505 base 0.781 0.742 0.857 0.851 0.605 0.505
pl0 0.780 0.744 0.848 0.842 0.601 0.499 pl0 0.742 0.711 0.787 0.781 0.585 0.471
p20 0.785 0.751 0.852 0.845 0.597 0.498 p20 0.751 0.719 0.787 0.781 0.588 0.473
p30 0.783 0.747 0.855 0.848 0.591 0.494 p30 0.757 0.723 0.771 0.764 0.581 0.469
p40 0.782 0.744 0.840 0.832 0.610 0.505 p40 0.740 0.710 0.760 0.748 0.589 0.477
p50 0.750 0.694 0.807 0.791 0.626 0.503 p50 0.710 0.654 0.721 0.691 0.611 0.348
Table 3: Performance of pruned models with 8-bit C Datasets

weight quantization.

UKP Args.me ARIES

Model Acc F1 Acc F1 Acc F1

base 0.781 0.742 0.857 0.851 0.605 0.505
pl10 0.779 0.743 0.854 0.848 0.601 0.498
p20 0.785 0.752 0.850 0.843 0.596 0.497
p30 0.784 0.749 0.863 0.856 0.589 0.494
p40 0.776  0.737 0.839 0.831 0.608 0.499
p50 0.749 0.692 0.800 0.786 0.624 0.501

A Detailed results

Detailed calculation results are presented in tables
2,3, 4.

B Prompts

For UKP, {topic} is either one of "abor-
tion", "cloning", "death penalty","legalisation
of marijuana”,"stricter gun laws","minimum
wage","nuclear energy", "school uniforms",
depending on the dataset. In all other cases, data is
taken directly and literally from the dataset.

UKP: Is the sentence: "{sentence}" an argument
for or against {topic}, or is it no argument?
Return one of the expressions: “For”, “Against” or
“No argument”, without any additional commen-
tary.

Argsme: "Is the sentence: "{sentence}" an
argument for or against { thesis}? Return one of
the expressions: “For” or “Against”, without any
additional commentary."

ARIES: Given the two propositions:

Proposition 1: "{prop1}"

Proposition 2: "{prop2}"

What is the argumentative relation between
Proposition 1 and Proposition 2? Return one of the
expressions: "Support”, "Attack" or "No Relation",

without any additional commentary.
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For UKP and Args.me, we performed an initial
screening of all datasets to crop very long records
(>2000 characters in the argument/sentence
field). Due to computational restraints, for each
dataset we used subsamples of 2000 records. These
were generated randomly from the full sets, ensur-
ing that the original class imbalance is preserved.
Class counts can be found below:

Table 5: UKP class counts

Dataset For Against NoArg Total
abortion 346 418 1236 2000
cloning 465 552 983 2000
death 250 609 1141 2000
gun 471 398 1131 2000
marijuana 474 506 1020 2000
nuclear 339 476 1185 2000
school 362 485 1153 2000
wage 466 446 1088 2000
Table 6: Args.me class counts
Dataset For Against Total
debatepedia 1490 510 2000
debatewise 1179 821 2000
idebate 988 1012 2000

D Answer Parsing

To extract the final classification from the model
outputs, we applied regular expressions (Regex) de-
signed to capture the expected label formats while
ignoring extraneous text (e.g., "The answer is...").
Below are the regex patterns used for parsing the
cleaned model outputs (reasoning, whitespace and
punctuation removed, converted to lowercase):
UKP: r’ *\b(for|against|noargument)\b|\b(for|agai
nst|noargument)\b$’

Argsme: r’ *\b(for|against)\b|\b(for|against)\b$’
ARIES: r’ *\b(norelation|support|attack)\b$’



E Experimental Setup and
Hyperparameters

All local inferences were conducted on the Athena
supercomputer at the Academic Computer Centre
Cyfronet AGH. The computations were performed
on nodes equipped with 8 x NVIDIA A100 GPUs
(40GB VRAM each).

The models were deployed using the vLLM li-
brary. We utilized the default vLLM sampling pa-
rameters, with the exception of temperature, which
was set to 0.6 for all models. The maximum num-
ber of new tokens generated was set to 4096. Other
hyperparameters such as reasoning effort were also
left to the default values.

93



