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Abstract

Although LLM-as-a-Judge approaches have
been successful in several domains, recent stud-
ies show that LLMs still struggle with Com-
putational Argumentation tasks, particularly
Argument Quality Assessment. Motivated by
recent results in Information Retrieval show-
ing that scoring granularity can affect the ef-
fectiveness of LLM-based document rankers,
this paper investigates whether the same effect
holds in Argument Quality Assessment scenar-
i0s. Our results demonstrate that, in several
cases, more granular scoring ranges yield sub-
stantially higher agreement after mapping pre-
dictions back to the original scale. This con-
trasts with how humans evaluate, where reduc-
ing the granularity of possible scores can foster
clearer, more consistent decisions. Addition-
ally, our error analysis reveals a recurring limi-
tation: LLMs tend to underestimate arguments
labeled by human experts as high quality, fre-
quently assigning them medium scores instead.
This suggests that, despite the gains obtained
through prompt and scale design, current LLMs
remain poorly calibrated at the upper end of the
argument quality scale.

1 Introduction

The use of Large Language Models (LLMs) for
evaluative tasks, often referred to as the LLM-as-
a-Judge approach, has become increasingly com-
mon (Gu et al., 2026). This class of approaches
has shown promising results in several domains
(Bavaresco et al., 2025), but recent studies sug-
gest that LLMs still face important limitations
when applied to Computational Argumentation
tasks (Ajjour et al., 2026). Argument Quality As-
sessment is one such task. This task remains chal-
lenging because argument quality is inherently mul-
tidimensional and partially subjective. Human an-
notators may consider several factors when judging
an argument, such as whether its premises are ac-
ceptable, relevant to the claim, and sufficient to

support it. This complexity makes the task diffi-
cult not only for computational models but also for
constructing reliable annotated datasets.

LLM-as-a-Judge for Argument Quality Evaluation

The judge compares an input argument against reference examples, then assigns a score from 1 to 3
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Figure 1: Illustration of the LLM-as-a-Judge process for
Argument Quality Evaluation, using Few-Shot prompt-
ing and a 3-point Likert scoring.

Data availability is another major limitation for
Argument Quality Assessment. Although sev-
eral datasets exist for coarse-grained evaluation
(Ivanova et al., 2024), fine-grained resources re-
main comparatively scarce. This is largely because
annotating multiple dimensions of argument quality
is labor-intensive and requires expert knowledge.
As a result, datasets with detailed quality annota-
tions usually contain a relatively small number of
arguments. A relevant case is the Dagstuhl-15512
ArgQuality dataset (Wachsmuth et al., 2017b), one
of the most complete resources in terms of the num-
ber of quality dimensions annotated. The dataset
follows the taxonomy proposed by Wachsmuth
et al. (2017a) and contains expert annotations for
fifteen different aspects of argument quality. Each
argument was evaluated by three expert annotators,
resulting in high-quality annotations. However, the
dataset contains only about 300 arguments, limit-
ing the applicability of data-intensive methods such
as supervised fine-tuning.

One way to address this limitation is through in-

197

Proceedings of the 3rd Workshop on Language Understanding in the Human-Machine Era (LUHME 2026), pages 197-214
October 28, 2026 ©2026 Association for Computational Linguistics


mailto:up202408600@fe.up.pt

context learning, which has been shown to improve
LLM performance across a variety of tasks (Brown
et al., 2020; Agarwal et al., 2024), while requiring
a small amount of annotated data. A second strat-
egy for improving LLLM-as-a-Judge performance
concerns the format of the evaluation scale. Re-
cent work in Information Retrieval has shown that
changing the scoring methodology can affect the
effectiveness of LLM-based rankers and evaluators
(Zhuang et al., 2024; Godfrey et al., 2025). These
findings suggest that the way a model is asked to
express its judgment may influence the quality and
consistency of the resulting evaluation.

Motivated by these two lines of work, this pa-
per investigates whether few-shot prompting and
alternative scoring scales can improve LLM-based
Argument Quality Assessment. Using the taxon-
omy proposed by Wachsmuth et al. (2017a), we
evaluate four LLMs from different model fami-
lies and parameter scales on five argument quality
dimensions: Overall Quality, Cogency, Local Ac-
ceptability, Local Relevance, and Local Sufficiency.
Although we refer to these as five dimensions, they
form a hierarchy: Overall Quality comprises Co-
gency, Effectiveness, and Reasonableness (with the
last two not included in this study), and Cogency is
further decomposed into Local Acceptability, Local
Relevance, and Local Sufficiency.

Our experiments, leveraging the Dagstuhl-15512
ArgQuality dataset (Wachsmuth et al., 2017b),
show that prompt design has a substantial impact
on model agreement with human annotations. In
particular, including examples and expanding the
scoring scale can improve agreement across sev-
eral models and quality dimensions. This contrasts
with how human annotators behaved during the
creation of the dataset. Wachsmuth et al. (2017b)
states that a 3-point scale was employed since an-
notators rarely chose the extreme values when a
4-point scale was employed in a validation study.
This may indicate a clear difference in how LLMs
and Humans perform evaluations: while humans
tend to struggle to differentiate between too granu-
lar scores, LLMs perform better with a wide range
of scores to choose from.

2 Related Work

Argument Quality Assessment has been studied
as a central task in Computational Argumentation.
One particularly challenging aspect of this task
is that argument quality is not a single property.

It depends on several underlying criteria, includ-
ing the plausibility of the premises, their relevance
to the claim, among others. One influential work
that proposes a framework for capturing this mul-
tidimensional nature is the taxonomy proposed by
Wachsmuth et al. (2017b). This taxonomy com-
prises 15 dimensions, ranging from specific aspects
of the argument, such as the Local Acceptability
of the premises, to more general ones, such as the
Overall Quality of the argument.

This taxonomy is the basis for the Dagstuhl-
15512 ArgQuality dataset (Wachsmuth et al.,
2017a). The dataset was constructed by having
three expert annotators evaluate 304 arguments col-
lected from debate portals. These arguments cover
a broad range of topics, including historical fig-
ures, Atheism vs. Christianity, and the validity of
banning plastic water bottles. Each argument was
independently scored across all 15 dimensions by
the three annotators, making the dataset one of the
most detailed resources available for fine-grained
Argument Quality Assessment. At the same time,
its relatively small size reflects one of the field’s
central challenges: obtaining expert annotations
across multiple quality dimensions is expensive
and labor-intensive.

Due to the strong text-processing and instruction-
following capabilities of Large Language Models
(LLMs), their use as evaluators has become increas-
ingly common. This approach is often referred to
as LLM-as-a-Judge (Gu et al., 2026; Li et al., 2025).
In this setting, LLMs can be used to evaluate differ-
ent properties of a text or response, producing out-
puts in several formats, such as point-wise scores,
pairwise preferences, or ranked lists. For argument
evaluation, LLLMs are an attractive alternative to
fully supervised approaches, especially when an-
notated data is scarce. However, the reliability of
LLM judgments remains an open question, partic-
ularly for subjective and multidimensional tasks
such as Argument Quality Assessment.

A study directly exploring the effectiveness of
LLMs as argument evaluators was conducted by
Mirzakhmedova et al. (2024). The authors eval-
uated two proprietary LLMs for argument qual-
ity assessment using the taxonomy proposed by
Wachsmuth et al. (2017a), exclusively via zero-
shot prompting, and with the same scoring method-
ology (3-point Likert scale). Their results show
that LLMs can reach moderate agreement with
human experts for some fine-grained dimensions.
However, performance varies substantially across
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dimensions, and the models struggle more with
broader or more abstract judgments. These find-
ings suggest that LLMs may be better suited to
evaluating narrowly defined aspects of argument
quality than to producing global quality judgments.

Another study that highlights the challenging
nature of Argument Quality Assessment was con-
ducted by Ajjour et al. (2026). The authors bench-
marked different LLMs of varying families and
sizes across multiple Computational Argumenta-
tion tasks, including Argument Mining (Stab et al.,
2018), Perspective Assessment (Bar-Haim et al.,
2017), Quality Assessment (Wachsmuth et al.,
2017b), Argument Reasoning (Habernal et al.,
2018), and Argument Generation (Hua et al., 2019).
Their results show that Argument Quality Assess-
ment remains one of the most difficult tasks for
current LLMs, with models from different families
and sizes achieving comparatively low scores. This
also suggests that increasing model size alone may
not be sufficient to solve the task.

These findings underscore the need to explore
alternative approaches to improving LLM-based
argument evaluation without relying on additional
training data. Prompt engineering and in-context
learning allow models to be guided through task
descriptions and examples rather than fine-tuning.
At the same time, recent work on LLM-based rank-
ing and evaluation has shown that the scoring scale
format can influence model behavior (Zhuang et al.,
2024; Godfrey et al., 2025). Together, these lines
of work suggest that both the examples included
in a prompt and the way the model is asked to
express its judgment may affect the reliability of
LLM-as-a-Judge approaches.

Building on this prior work, our study investi-
gates how few-shot prompting and alternative scor-
ing scales affect LLM agreement with expert anno-
tations in fine-grained Argument Quality Assess-
ment. Unlike previous work that primarily evalu-
ates LLMs under a fixed prompting strategy, we fo-
cus on how prompt design choices influence agree-
ment across different models, model families, and
quality dimensions.

3 Methodology

The prompt variants used in this study build on the
design proposed by Mirzakhmedova et al. (2024).
In that work, each prompt included the argument
to be evaluated, a description of the target quality
dimension, and the corresponding annotation ques-

tion originally presented to expert annotators in
Wachsmuth et al. (2017b). For example, Figure 2
shows the description and annotation question for
the Cogency dimension. The descriptions for the
remaining four dimensions used in our study are
provided in Appendix A.

7

Description:

An argument should be seen as cogent if it
has individually acceptable premises that
are relevant to the argument's conclusion
and that are sufficient to draw the
conclusion. Try to adequately weight your
judgments about local acceptability, local
relevance, and local sufficiency when
judging about cogency - unless there is a
particular dimension among these that
dominates your view of an argument.

Accordingly, if you identify more than one
argument, try to adequately weight the
cogency of each argument when judging about
their "aggregate” cogency - unless there is
a particular argument that dominates your
view of the author's argumentation.

Annotator Question:
How would you rate the success of the author
's argumentation in creating credibility?

Figure 2: The original Cogency description and ques-
tion presented to the experts annotators involved in the
Dagstuhl-15512 ArgQuality dataset (Wachsmuth et al.,
2017a) study.

Starting from this baseline template, we inves-
tigated the effect of two main prompt modifica-
tions. The first modification introduced in-context
examples of argument evaluation through few-shot
prompting. For each quality dimension, we se-
lected three examples: one argument with a low
score, one with a medium score, and one with a
high score, as illustrated in Figure 1. To promote
consistency across the examples, we selected only
arguments for which the three expert annotators
assigned the same quality rating.

The examples were selected independently for
each quality dimension. This is important because
scores across dimensions are not perfectly corre-
lated: an argument rated as high in Cogency, for in-
stance, is not necessarily rated as high in Local Ac-
ceptability (one of its sub-dimensions), and the con-
verse may also hold. Therefore, using dimension-
specific examples helps the prompt better reflect
the criteria for each quality dimension.

The second modification concerned the scoring
scale. The original dataset uses a three-point Likert
scale, with the labels Low, Medium, and High. Mo-
tivated by the findings of Zhuang et al. (2024), we
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explored whether alternative scoring formats could
affect LLM-based argument quality evaluation. In
particular, we tested two expanded scales with fixed
response options: a five-point and a six-point scale.
In addition, we evaluated three open-range scor-
ing variants, in which the model was asked to as-
sign a quality score () within a predefined interval:
1<@Q<n, ne{b6,12}.

Because the original annotations use a three-
point scale, the outputs produced under the modi-
fied scales had to be mapped back to the original
labels for evaluation. For the five-point scale and
range, either fixed-list or range-based, the two low-
est scores were mapped to Low, the middle score to
Medium, and the two highest scores to High. For
the six-point and twelve-point scales and ranges,
the mappings were obtained by grouping consecu-
tive scores into pairs for the six-point scale/range
and quartets for the twelve-point scale/range.

Overall, we evaluated seven prompt variants: a
zero-shot baseline prompt (as in Mirzakhmedova
et al. (2024)), to serve as control for improvements
resulting from language models training; one few-
shot prompt, which adds dimension-specific exam-
ples but maintains the original scale (referred to as
3 Levels); two few-shot prompts using expanded
scales with fixed choices, namely the five-point
and six-point variants (referred to as 5 and 6 Lev-
els); and three few-shot prompts using open scoring
ranges, with upper bounds of 5, 6, and 12 (referred
to as Range 1-n). For brevity, this section presents
only the prompt variant with open-range scoring be-
tween 1 and 12, shown in Figure 3. The remaining
prompt templates are included in Appendix B.

4 Experiments

To investigate the consistency and reliability of
LLMs in Argument Quality assessment, we eval-
uated models from different families and with dif-
ferent parameter sizes. This design allows us to
examine whether the observed effects are specific
to individual models or whether they generalize
across architectures.

All experiments were conducted using the Hug-
gingFace Transformers library (Wolf et al., 2020),
with the following models: google/gemma-4-31B-
it', Qwen/Qwen3.5-27B%, microsoft/phi-4 (15B)>,

"https://huggingface.co/google/gemma-4-31B-it
Zhttps://huggingface.co/Qwen/Qwen3.5-27B
3https://huggingface.co/microsoft/phi-4

Considering that
{quality_dimension_description}

{Using a scale from 1 (Low) to 12 (High)
{quality_dimension_question}

The score should be denoted only using
numbers and enclosed within #** xx.

For reference, the following argument {
medium_argument_example} has a score of
*%6 (Medium)#**, while the argument {
high_argument_example} has a score of

*%12 (High)xx, and the argument {
low_argument_example} has a score of *x1 (
Low) **

Topic: {topic}
Stance : {stance}
Argument: {argument}.

Figure 3: Prompt variant with open-range scoring be-
tween 1 and 12.

and meta-llama/Llama-3.3-70B-Instruct *. For gen-
eration, all models used their respective default
temperature and greedy decoding.

The models were evaluated on the Dagstuhl-
15512 ArgQuality dataset (Wachsmuth et al.,
2017b), which contains arguments annotated by
human experts according to several dimensions of
argument quality. Evaluation was performed on
the entire dataset (which lacks a train/test split),
excluding only the arguments included as exam-
ples in the prompt, resulting in 301 arguments per
dimension.

For each prompt configuration described in Sec-
tion 3, every model was asked to evaluate each
argument with respect to one of the following di-
mensions at a time:

* Overall Quality

* Cogency - An argument is cogent if it has
acceptable premises, which are relevant and
sufficient to reach the conclusion;

* Local Acceptability - The premises are worthy
of being believed;

* Local Relevance - The premises contribute to
accepting or rejecting the argument’s conclu-
sion;

* Local Sufficiency - The premises together
make it rational to reach the argument’s con-
clusion.

*https://huggingface.co/meta-llama/Llama-3.3-70B-
Instruct
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These dimensions were selected to examine
whether LLMs differ in their ability to assess global
and local aspects of argument quality. Overall Qual-
ity represents a broad judgment of the argument as
a whole and may require the model to implicitly
integrate several criteria. In contrast, dimensions
such as Local Acceptability, Local Relevance, and
Local Sufficiency focus on more specific properties
of argumentative components and their relations.
Cogency occupies an intermediate position, as it
is closely related to the logical and structural ade-
quacy of the argument.

Model predictions were compared against the
gold-standard annotations provided in the dataset.
Since all predictions were converted to the original
three-point scale before evaluation, results across
prompt configurations remain directly comparable.
Agreement was measured using Krippendorff-a
against the majority vote of the expert annotators.

5 Results

As described in Section 4, we evaluated each model
across the five selected argument quality dimen-
sions and across the prompting strategies intro-
duced in Section 3. Table 1 reports the agreement
between the model predictions and the majority-
vote expert annotations from the Dagstuhl-15512
ArgQuality dataset. Agreement is measured us-
ing Krippendorff’s «, with higher values indicat-
ing stronger agreement with the expert labels. All
prompt variants are few-shot, with the only excep-
tion being the zero-shot prompt.

The table also includes some external reference
points. The row labeled Expert Inter-annotator
Agreement reports the agreement among the orig-
inal expert annotators, as reported by Wachsmuth
et al. (2017b). The GPT-3 and PalLM 2 rows re-
port the results obtained by Mirzakhmedova et al.
(2024) using their expert prompt variant. These
values provide external baselines against which
the models and prompt variants evaluated in this
study can be compared. The zero-shot row was
included as a control for improvements driven by
more recent language models’ reasoning/language
understanding.

Overall, the results show that several of the tested
models reach agreement similar to that observed
among expert annotators, especially for the more
specific quality dimensions. The strongest average
results are obtained by Gemma 4 31B, which re-
mains stable across most prompting variants, with

average agreement scores ranging from 0.44 to
0.49. Qwen 3.5 27B and Phi 4 15B follow, with
average scores generally in the range of 0.35 to
0.45. Llama 3.3 70B achieves the lowest agree-
ment across most prompt variants, though its per-
formance improves substantially when using the
1-12 scoring range.

The first interesting result relates to the effect of
including examples in the prompt. Few-shot leads
to stronger agreement than the GPT-3 and PaLM 2
expert-prompt baselines reported by Mirzakhme-
dova et al. (2024) and the zero-shot variant, particu-
larly for dimensions where those baselines showed
weak agreement. This suggests that providing con-
crete examples of expert-rated arguments can help
align LLM judgments with the annotation scheme.
This improvement is especially relevant because
the models evaluated in this study are smaller than
the proprietary models used in the previous base-
lines, yet they often achieve higher agreement.

At the same time, the results do not suggest
a simple relationship between model size and
agreement with expert annotations. For exam-
ple, Phi 4 15B outperforms Llama 3.3 70B un-
der most prompting variants, despite being sub-
stantially smaller. Similarly, while Gemma 4 31B
achieves the best overall results, Qwen 3.5 27B and
Phi 4 15B remain competitive across several dimen-
sions. These findings indicate that model family,
training data, instruction-following behavior, and
sensitivity to prompt format may be more impor-
tant than parameter count alone. This observation
aligns with Ajjour et al. (2026), who also report
limited or inconsistent gains from larger models in
argument quality assessment tasks.

The choice of scoring scale also clearly affects
agreement. When aggregating by prompt vari-
ant, the 1-12 range variant has the highest mean
agreement, with an average score of 0.43 (calcu-
lated with all four models). This is higher than
the averages obtained by the other prompt vari-
ants, which range from approximately 0.36 to
0.38. The improvement is especially noticeable
for Llama 3.3 70B: its average agreement increases
from 0.22 across the other five prompt variants
to 0.42 with the 1-12 range. This represents the
largest prompt-related gain observed in the table.
Qwen 3.5 27B and Phi 4 15B also obtain their best
average results with the 1-12 range. Gemma 4 31B
is the main exception: it performs consistently well
across most configurations, but its average agree-
ment decreases slightly with the 1-12 range.
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Table 1: Agreement between LLM judgments and majority-vote expert annotations, measured using Krippendorft’s
a and rounded to two decimal places. The Expert Inter-annotator Agreement row reports the inter-annotator
agreement from Wachsmuth et al. (2017b). GPT-3 and PalLLM 2 results are taken from the expert-prompt variant
reported by Mirzakhmedova et al. (2024). Bold denotes the best score for a given dimension or average, while
underline denotes the second best. The last row contains the average agreement obtained per prompt variant across
all models, with the best agreement highlighted as before. All prompt variants, with the exception of the zero-shot

rows, are few-shot.

Prompting Average Overall Quality Cogency Local Acceptability Local Relevance Local Sufficiency

Expert Inter-annotator Agreement (Humans) 0.46 0.51 0.44 0.46 0.47 0.44
GPT-3 (Zero-shot) (Mirzakhmedova et al., 2024) 0.11 0.12 -0.12 0.49 0.40 -0.33
PalLM 2 (Zero-shot) (Mirzakhmedova et al., 2024) 0.29 0.19 0.02 0.56 0.47 0.23
Zero-shot 0.30 0.10 0.11 0.46 0.42 043

3 Levels 0.49 047 047 052 0.56 043

G 4318 5 Levels 047 0.36 0.52 0.48 051 046
emma 6 Levels 0.49 0.46 051 0.56 051 0.40
Range (1-5)  0.49 0.35 0.52 0.54 0.54 0.47

Range (1-6)  0.49 0.44 0.50 0.55 0.54 041

Range (1-12)  0.44 0.34 0.49 047 0.46 046

Zero-shot 0.39 0.37 025 0.40 0.49 0.42

3 Levels 0.39 0.39 036 038 047 0.38

5 Levels 035 0.33 0.40 0.33 041 031

Qwen 3.527B 6 Levels 041 035 043 0.42 0.47 0.38
Range (1-5) 043 0.40 041 0.40 0.46 0.47

Range (1-6) 039 033 037 0.44 0.48 0.34

Range (1-12) 045 0.34 0.46 0.50 051 041

Zero-shot 0.36 0.34 038 0.39 0.36 0.32

3 Levels 0.38 0.28 038 048 0.46 0.29

. 5 Levels 0.37 0.35 0.40 0.46 037 0.29
Phi 4 158 6 Levels 0.36 0.22 036 048 045 0.29
Range (1-5)  0.37 0.30 0.39 042 0.38 0.34

Range (1-6) 038 0.24 041 0.48 0.43 0.36

Range (1-12) 043 0.40 0.42 0.50 0.48 0.34

Zero-shot 0.20 0.22 0.11 027 0.29 0.07

3 Levels 0.26 0.17 0.18 041 0.42 0.13

5 Levels 0.23 0.22 0.11 0.38 0.28 0.14

Llama 3.3 708 6 Levels 0.16 0.12 -0.03 034 033 0.04
Range (1-5)  0.13 0.18 -0.02 025 0.18 0.08

Range (1-6) 021 0.24 0.04 0.36 0.29 0.13

Range (1-12) 041 0.35 038 0.53 041 0.38

Zero-shot 031 0.26 021 0.38 0.39 031

3 Levels 0.38 0.33 035 045 0.48 031

Promnt Variant Aseregated Averaze 5 Levels 0.36 031 036 041 0.39 0.30
P sereg & 6 Levels 035 0.29 032 0.45 0.44 0.28
Range (1-5) 035 031 032 0.40 0.39 034

Range (1-6) 037 031 033 0.46 0.43 031

Range (1-12) 043 0.36 0.44 0.50 046 0.40

These results suggest that a more fine-grained
scoring range can help some models produce judg-
ments that are better aligned with expert annota-
tions after conversion back to the original three-
point scale. We explore a possible explanation for
this effect in Section 5.1.

Taken together, the results indicate that prompt
design has a substantial effect on LLM-based ar-
gument quality assessment. Few-shot prompting
improves agreement relative to previous expert-
prompt baselines, and expanded scoring ranges,
particularly the 1-12 range, can further improve
agreement for several models. However, the gains
are not uniform across model families and quality
dimensions.

5.1 Error Analysis

To better understand the factors limiting model
performance, we conducted a complementary er-

ror analysis. While the previous section evaluated
agreement between LLM predictions and expert
annotations using Krippendorff’s alpha, here we
reformulate the task as a three-class classification
problem. Each model prediction is compared with
the expected score from the majority vote of the
expert annotators, and the resulting errors are rep-
resented in confusion matrices.

For this analysis, all predictions were first
mapped back to the original three-point scale when-
ever necessary, as described in Section 3. The con-
fusion matrices were normalized by the gold ref-
erence class. This allows interpreting each row as
the distribution of model predictions for arguments
belonging to a given gold class.

Due to space limitations, this section reports only
the confusion matrices for Gemma 4 31B with 3
Levels, shown in Figure 4. This configuration was
selected because it achieved one of the strongest
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Figure 4: Confusion Matrices for the Gemma 4 31B model while analyzing the different quality dimensions with

the 3 Levels prompt variant.

overall performances among the evaluated settings,
making its remaining errors particularly informa-
tive. The matrices for the other models are provided
in Appendix C.

The confusion matrices reveal a consistent pat-
tern, with the model’s errors concentrated in cases
where human-annotated arguments labeled High
are predicted as Medium. This suggests that, while
the model identifies low- and medium-quality ar-
guments with reasonable consistency, it assigns the
highest quality label less frequently.

This pattern is especially visible in the Over-
all Quality dimension. For Low and Medium ar-
guments, the model shows comparatively stable
class-wise recall, around 70%. However, for ar-
guments with a gold label of High, recall drops
to only 4%. In this class, 87% of the arguments
are instead classified as Medium. Thus, the main
source of disagreement in Overall Quality is not
that the model confuses high-quality arguments
with low-quality ones, but rather that it systemati-
cally underestimates them by one level.

The same tendency appears, although less
severely, in the other quality dimensions. Lo-
cal Relevance, which is the dimension with the
strongest agreement for this model, shows a more

balanced distribution across the three classes. In
this case, class-wise recall ranges from 62% to
83%, indicating that the model is better calibrated
across Low, Medium, and High instances. The
same pattern is observed across the remaining mod-
els, as shown in Appendix C.

These results suggest that the model is conserva-
tive in assigning quality scores. Rather than overes-
timating weak arguments, it tends to avoid assign-
ing the highest score, even when expert annotators
agree that the argument is high-quality. One possi-
ble interpretation is that the model applies a stricter
threshold for the High label than the human an-
notators. In practice, this could mean the model
penalizes minor weaknesses more heavily, down-
grading otherwise strong arguments to Medium.

This conservative bias helps explain the agree-
ment results reported in Table 1. Increasing the
scoring range allows the models to penalize mi-
nor weaknesses in an argument while still keep-
ing it within the High-quality range. This effect
can be observed by comparing the change in re-
call between using the 3 Levels and the 1-12 range
prompting variants for Local Acceptability evalu-
ation, with the Qwen 3.5 27B model (Figure 5),
which displays a more pronounced impact of the
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scoring range while maintaining a comparable per-
formance as the Gemma 4 31B model. This com-
parison shows that increasing the scoring range
during assessment shifts some previously evalu-
ated arguments from Medium to High, with no
significant decrease in recall for the other labels.
The unconverted scores for the 1-12 range prompt
variant are included in Appendix D.

LocalAcceptability

Low Medium High
Predicted Label

(a) 3 Levels prompt variant.
LocalAcceptability

Low Medium High
Predicted Label

(b) Range 1-12 prompt variant.

Figure 5: Confusion matrices for different prompting
variants, while assessing the Local Acceptability dimen-
sion with the Qwen 3.5 27B model.

The error analysis, therefore, indicates that the
main limitation is not simply random misclassifica-
tion. Instead, the errors are structured and ordinal:
when the model disagrees with the gold label, it
usually predicts an adjacent class rather than the
opposite extreme. The increased number of possi-
ble labels gives models more room to penalize or
reward different aspects of arguments, while still
aligning with the coarser scores used by human
annotators.

6 Conclusion

Despite recent improvements in reasoning capa-
bilities, LL.Ms still struggle to generate argument
evaluations aligned with human expert annotators.
In this paper, we investigated whether prompt en-
gineering strategies can improve the agreement be-

tween LLM judgments and human expert anno-
tations. Specifically, we evaluated the effect of
few-shot prompting and alternative scoring scales
across multiple models and five argument quality
dimensions.

Our results show that carefully selected in-
context examples can substantially improve agree-
ment with expert annotations. By using exam-
ples drawn from unanimously annotated arguments,
few-shot prompting provided the models with con-
crete instances of how each quality dimension
should be evaluated. This led to stronger results
than previously reported expert-prompt baselines,
suggesting that example-based prompting is an ef-
fective strategy for aligning LLLM judgments with
human annotation criteria.

In addition, the scoring format had a substan-
tial impact on model performance. Expanding the
evaluation scale, especially through the 1-12 range
variant, improved agreement for several models
and, in some cases, nearly doubled Krippendorff’s
«a. Howeyver, this effect was not uniform across all
models, indicating that the usefulness of a more
fine-grained scale depends on the interaction be-
tween model and prompt design.

This effect may have some interesting implica-
tions. While humans seem to struggle when score
granularity is high, the opposite is true for LLMs.
In the study that built the Daghstul-15512 dataset,
the authors had to reduce the possible scores from
4 to 3 to improve annotation quality, as annotators
rarely chose the extreme values. On the other hand,
in our study, the wider range of scores allows the
LLMs to include minor weaknesses without over-
penalizing the final score. Regardless, even with
this increased range, the error analysis reveals a
persistent limitation: the models frequently mis-
classified high-quality arguments as medium ones,
suggesting a conservative bias in their evaluations.

Overall, the findings suggest that altering how
scores are assigned can improve LLM-based argu-
ment quality assessment. While some aspects of
argument evaluation improve when LL.Ms retrace
the same steps humans use, such as using the same
descriptions of quality dimensions, for instance, it
can be beneficial to diverge in others, such as the
scoring scale. Future work will focus on further
exploring alternative scoring methodologies and
their impact on Argument Quality evaluation, as
well as exploring other prompt designs that could
benefit from diverging from the instructions suited
for human evaluation.
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Limitations

Although we selected models from different fami-
lies in this study, it would be beneficial to expand
the evaluation to include additional families and
models of varying sizes within each family. Sim-
ilarly, while we have selected a set of dimensions
from different levels of the hierarchy, expanding
the study to include the complete set of dimensions
proposed in the taxonomy could expose interesting
correlations not observed in this study.

Additionally, we have not explored the impact
of altering the score anchoring (i.e., the numeri-
cal score assigned to the low/medium/high labels)
on LLMs’ argument evaluations, nor have we as-
sessed sensitivity to different sets of examples in
the prompt.
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A Quality Dimensions Information

These are the quality dimension descriptions and
questions originally presented to the annotators
involved in the study that originated the Dagstuhl-
15512 ArgQuality dataset (Wachsmuth et al.,

2017a), which was included in the prompts used in
this study.

A.1 Overall Quality

Description: A definition of overall argumenta-
tion quality does not exist so far. Try to judge about
the overall quality based on all those of your rat-
ings that you think influence the overall quality of
the given argumentation. If there is anything not
covered by these ratings that influences your view
of the author’s argumentation, also take that into
account.

Question: How would you rate the overall qual-
ity of the author’s argumentation?

A.2 Cogency

Description: An argument should be seen as co-
gent if it has individually acceptable premises that
are relevant to the argument’s conclusion and that
are sufficient to draw the conclusion. Try to ade-
quately weight your judgments about local accept-
ability, local relevance, and local sufficiency when
judging about cogency—unless there is a particular
dimension among these that dominates your view
of an argument. Accordingly, if you identify more
than one argument, try to adequately weight the co-
gency of each argument when judging about their
“aggregate” cogency—unless there is a particular
argument that dominates your view of the author’s
argumentation.

Question: How would you rate the success of the
author’s argumentation in creating credibility?

A.3 Local Acceptability

Description: A premise of an argument should
be seen as acceptable if it is worthy of being be-
lieved, i.e., if you rationally think it is true or if you
see no reason for not believing that it may be true.
If you identify more than one premise in the com-
ment, try to adequately weight the acceptability of
each premise when judging about their “aggregate”
acceptability—unless there are particular premises
that dominate your view of the author’s argumenta-
tion.

Question: How would you rate the acceptability
of the premises of the author’s argument?

A.4 Local Relevance

Description: A premise of an argument should
be seen as relevant if it contributes to the accep-
tance or rejection of the argument’s conclusion, i.e.,
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if you think it is worthy of being considered as a
reason, evidence, or similar regarding the conclu-
sion. If you identify more than one premise in the
comment, try to adequately weight the relevance of
each premise when judging about their “aggregate”
relevance—unless there are particular premises that
dominate your view of the author’s argumentation.
You should be open to see a premise as relevant
even if it does not match your own stance on the
issue.

Question: How would you rate the relevance of
the premises of the author’s argument?

A.5 Local Sufficiency

Description: The premises of an argument
should be seen as sufficient if, together, they pro-
vide enough support to make it rational to draw
the argument’s conclusion. If you identify more
than one conclusion in the comment, try to ad-
equately weight the sufficiency of the premises
for each conclusion when judging about their “ag-
gregate” sufficiency—unless there are particular
premises or conclusions that dominate your view
of the author’s argumentation. Notice that you may
see premises as sufficient even though you do not
personally accept all of them, i.e., sufficiency does
not presuppose acceptability.

Question: How would you rate the sufficiency of
the premises of the author’s argument?

B Prompt Templates

Considering that
{quality_dimension_description}

{quality_dimension_question}
-3 (High)
2 (Medium)
1 (Low)

The score should be denoted only using
numbers and enclosed within #** %%,

For reference, the following argument
{medium_argument_example} has a score of *x*2

(Medium)**, while the argument
{high_argument_example} has a score of *x3 (
High)xx, and the argument
{low_argument_example} has a score of *x*x1 (
Low) **

Topic: {topic}
Stance : {stance}
Argument: {argument}.

Figure 6: Few-shot prompting using the original 3-point
Likert scale.

Considering that
{quality_dimension_description}

{quality_dimension_question}
-5 (High)
4 (Medium-High)
+3 (Medium)
+2 (Medium-Low)
1 (Low)

The score should be denoted only using
numbers and enclosed within #** #*x*.

For reference, the following argument
{medium_argument_example} has a score of *xx3

(Medium)**, while the argument
{high_argument_example} has a score of *x*5 (
High)*x, and the argument
{low_argument_example} has a score of *x1 (
Low) **

{topic}
: {stance}
{argument}.

Topic:
Stance
Argument:

Figure 7: The 5 Level Few-shot prompt variant.
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Considering that
{quality_dimension_description}

{quality_dimension_question}
+6 (High)
+5

-4
-3
2
1 (Low)

The score should be denoted only using
numbers and enclosed within #** #*x*.

For reference, the following argument
{medium_argument_example} has a score of
**4xx  while the argument
{high_argument_example} has a score of xx6 (
High)**, and the argument
{low_argument_example} has a score of *x1 (
Low) *x*

{topic}
: {stance}
{argument}.

Topic:
Stance
Argument:

Figure 8: The 6 Level Few-shot prompt variant.




C Confusion Matrices for different LL.Ms

Considering that

{quality_dimension_description} C.1 Few-shot prompting with 3 Levels

Using a scale from 1 (Low) to 5 (High)
{quality_dimension_question} ArgumentationQuality

The score should be denoted only using
numbers and enclosed within #** %%,

For reference, the following argument "{
medium_argument_example}” has a score of #*%3
(Medium)**, while the argument "{
high_argument_example}” has a score of #**5 (
High)**, and the argument "{
low_argument_example}” has a score of *xx1 (

Low) *x Predicred Label
Topic: {topic} (a) Overall Quality
Stance : {stance} Cogency

Argument: {argument}.

High

fedium

Figure 9: The Range 1-5 few-shot prompt variant.

Low

Medium High
Predicted Label

Considering that
{quality_dimension_description} (b) Cogency

LocalAcceptability

Using a scale from 1 (Low) to 6 (High)
{quality_dimension_question}

The score should be denoted only using
numbers and enclosed within #*x xx*.

For reference, the following argument

{medium_argument_example} has a score of =xx4
(Medium)**, while the argument

{high_argument_example} has a score of xx6 (

High)xx, and the argument prediciad Label "
{low_argument_example} has a score of x*x1 (
Low) %= (c) Local Acceptability

LocalRelevance

Topic: {topic}
Stance : {stance} High
Argument: {argument}.

fedium

Figure 10: The Range 1-6 few-shot prompt variant.

Low

wedium
Predicted Label

(d) Local Relevance
Considering that LocalSufficiency
{quality_dimension_description}

High

Using a scale from 1 (Low) to 12 (High)

{quality_dimension_question}

tedium

The score should be denoted only using '

numbers and enclosed within #** #*x%.

For reference, the following argument o

{medium_argument_example} has a score of *x*6
(Medium)**, while the argument

{high_argument_example} has a score of **12

Predicted Label

(High)**, and the argument (e) Local Sufficiency
{low_argument_example} has a score of #**1 (
Low) ** . . .

Figure 12: Confusion Matrices for the Qwen 3.5 27B
Topie: fiepic) model while analyzing the different quality dimensions
Stance : {stance} . .
Argument: {argument}. with 3 Levels few-shot prompting.

Figure 11: The Range 1-12 few-shot prompt variant.

208



ArgumentationQuality ArgumentationQuality

High 0.043 013 High 0.043 0 08
or
0.5
fedium 0.1 0.0079 fedium 0.031 0.016
0.3
Low 0.37 0.013 Low 0.28 0.013
0.0
Medium High Low Medium High
Predicted Label Predicted Label
(a) Overall Quality (a) Overall Quality
Cogency Cogency
High 0 0.68 0.32
0.5 05
04 fedium 0.023 0.79 0.18 04
Low 0.2 0.77 0.034
0.1 01
0.0
Medium High Low Medium High
Predicted Label Predicted Label
(b) Cogency (b) Cogency
LocalAcceptability LocalAcceptability
vigh [ . 0.2
06 o7
0
os
0.5
fedium 04 fedium 0.077 ) 0.042
0s
0
03
0
Low 0.37 [
01 01
Medium High Medium ligh
Predicted Label Predicted Label
(c) Local Acceptability (c) Local Acceptability
LocalRelevance LocalRelevance
0
0.6 0.5
01

Low

Medium
Predicted Label

Medium
Predicted Label

(d) Local Relevance (d) Local Relevance
LocalSufficiency LocalSufficiency
0.8
0
High [ High 0.083 0.25 07
o
0.6
0s
fedium .. . 0.1 fedium 0.059 0.11
0 0s
03
0.2
0.029 Low 0.32 0.07 02
01
00
Medium Hig! Low Medium Higl
Predicted Label Predicted Label
(e) Local Sufficiency (e) Local Sufficiency

Figure 13: Confusion Matrices for the Phi 4 15B model =~ Figure 14: Confusion Matrices for the Llama 3.3 70B
while analyzing the different quality dimensions with ~ model while analyzing the different quality dimensions
the 3 Levels few-shot prompting. with the 3 Levels few-shot prompting.
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C.2 Few-shot prompting with Range 1-12
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Figure 15: Confusion Matrices for the Gemma 4 31B (e} Local Sufficiency

model while analyzing the different quality dimensions

with the Range 1-12 few-shot prompt variant. Figure 16: Confusion Matrices for the Qwen 3.5 27B

model while analyzing the different quality dimensions
with the Range 1-12 few-shot prompt variant.

210



ArgumentationQuality

0.17

0.047

ArgumentationQuality

High X 0. 0

fedium B h 0.047

0 0.013
o1 o1
00 00
Medium High Low Vedium High
Predicted Label Predicted Label
(a) Overall Quality (a) Overall Quality

Cogency

Medium High
Predicted Label

(b) Cogency

LocalAcceptability

Aedium

Medium High
Predicted Label

(c) Local Acceptability

LocalRelevance

Medium
Predicted Label

(d) Local Relevance

Localsufficiency

High

fedium

Low

High

Medium
Predicted Label

(e) Local Sufficiency

h
ﬂ
h
ﬂ

Cogency

redium
Predicted Label

(b) Cogency

LocalAcceptability

fedium L 2 0.054

Vedium igh
Predicted Label

(c) Local Acceptability

LocalRelevance

High

fedium

Low

Medium
Predicted Label

(d) Local Relevance

Localsufficiency

High

Vedium
Predicted Label

(e) Local Sufficiency

m— I — e [ e— ]

Figure 17: Confusion Matrices for the Phi 4 15B model
while analyzing the different quality dimensions with
the Range 1-12 few-shot prompt variant.

Figure 18: Confusion Matrices for the Llama 3.3 70B
model while analyzing the different quality dimensions
with the Range 1-12 few-shot prompt variant.
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D Distribution Matrices of Unconverted
Scores for different LL.Ms

We present in this section the distribution of scores
predicted by each LLM under the 1-12 range
prompt variant, before converting them to the orig-
inal 3-point range. It is possible to observe that
most LLMs can leverage this extended range, as at
least one argument is scored with the new possible
scores. One interesting thing to note is that, even
with this increased scoring range, LLMs are still
reluctant to attribute the maximum score for an ar-
gument, with very few examples scored with the
maximum score (as seen in Figures 20d, 21c, and
21d).

One interesting behavior is shown by the
Llamma 3.3 70B model (Figure 22. We observe a
tendency for scores to cluster around the decision
boundaries between quality classes. In particular,
many arguments receive scores of 4 and 8, which
correspond to the highest scores still assigned to
the low- and medium-quality classes, respectively.
Conversely, scores for high-quality arguments are
concentrated near the lower end of the high-quality
range, especially around 9. This pattern suggests
that the model often places arguments close to
class frontiers rather than distributing scores evenly
within each class. The clustering around the 8-9
boundary may partly explain the observed improve-
ment in model performance, as small score differ-
ences in this region can directly affect class assign-
ment. However, further experiments are needed
to determine why this boundary-focused scoring
behavior emerges more strongly in this model.

ArgumentationQuality

True Label

Predicted Label

(a) Overall Quality

Cogency

True Label

Predicted Label

(b) Cogency

LocalAcceptability

True Label

Predicted Label

(c) Local Acceptability

LocalRelevance

030

025

020

015

True Label

010

005

0.00

Predicted Label

(d) Local Relevance

Localsufficiency

True Label

Predicted Label

(e) Local Sufficiency

Figure 19: Matrices representing the unconverted scores
for the Gemma 4 31B model while analyzing the differ-
ent quality dimensions with the Range 1-12 few-shot
prompt variant. The highlighted squares represent the
set of scores that match the correct score when con-
verted back to the original range.
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6 7
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(e) Local Sufficiency

Figure 20: Matrices representing the unconverted scores
for the Qwen 3.5 27B model while analyzing the differ-
ent quality dimensions with the Range 1-12 few-shot
prompt variant. The highlighted squares represent the
set of scores that match the correct score when con-
verted back to the original range.
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Figure 21: Matrices representing the unconverted scores
for the Phi 4 15B model while analyzing the differ-
ent quality dimensions with the Range 1-12 few-shot
prompt variant. The highlighted squares represent the
set of scores that match the correct score when con-
verted back to the original range.
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Figure 22: Matrices representing the unconverted scores
for the Llama 3.3 70B model while analyzing the dif-
ferent quality dimensions with the Range 1-12 few-shot
prompt variant. The highlighted squares represent the
set of scores that match the correct score when con-
verted back to the original range.
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