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Abstract

Large Language Models (LLMs) are increas-
ingly used as automated evaluators of argument
quality. However, existing studies typically as-
sess models only through their agreement with
human scores, leaving the reasoning process
behind these judgments unexplored. In this pa-
per, we propose a three-level audit framework
for evaluating the reliability of LLM-based ar-
gument quality assessment. The framework
distinguishes between (1) surface alignment,
measuring agreement between LLM-predicted
scores and human annotations; (2) instruc-
tional alignment, assessing whether generated
rationales adhere to the intended evaluation cri-
teria; and (3) faithfulness alignment, examin-
ing whether predicted scores are supported by
the generated rationales. To operationalize this
audit, we introduce structural rationale prompt-
ing,! which guides LLMs to generate structured
justifications before assigning scores across 11
dimensions of the Dagstuhl-15512 argument
quality corpus. We evaluate several LLMs un-
der this framework and find that structural ra-
tionale prompting substantially improves agree-
ment with human annotations compared to
definition-based prompting. Furthermore, the
generated rationales generally follow the evalu-
ation instructions and remain highly consistent
with the predicted scores. Overall, our results
suggest that auditing LLM evaluators beyond
surface score agreement provides deeper in-
sight into the reliability and transparency of
LLM-based argument quality assessment.

1 Introduction

The assessment of argument quality remains a
foundational challenge in argument mining (Haber-
nal and Gurevych, 2016; Wachsmuth et al., 2017;
Lawrence and Reed, 2019). While the theoreti-
cal roots of argumentation trace back to Ancient

'All the codes and prompts used in the paper
are  available at  https://github.com/aist-cwf/

argmining26-argument-quality-assessment.
“Equal Contribution.
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Greece (Aristotle, 2007), operationalizing these
concepts in computational settings requires tax-
onomies that decompose argument quality into
multiple measurable dimensions (Blair, 2011;
Wachsmuth et al., 2017). Annotating these di-
mensions, however, is a labor-intensive and time-
consuming process that often requires specially
trained annotators and carefully designed guide-
lines (Toledo et al., 2019; Lauscher et al., 2020).
As a result, expert-labeled datasets remain limited,
creating a significant bottleneck for training auto-
matic argument quality evaluators and for advanc-
ing downstream tasks in argument mining.

Recent advances in Large Language Models
(LLMs) have prompted researchers to investigate
whether such models can follow natural language
instructions to assist with data annotation and eval-
uation tasks (Gilardi et al., 2023; Chiang and Lee,
2023; Mirzakhmedova et al., 2024). Experimen-
tal results across several studies report substan-
tial agreement between LLM judges and human
judges, suggesting that LLMs may serve as scalable
evaluators in various NLP settings (Zheng et al.,
2023; Kocmi and Federmann, 2023). However,
these models are typically employed as black-box
evaluators, whose reliability is assessed primar-
ily through agreement with human scores. Even
when reasoning-oriented prompting strategies such
as Chain-of-Thought prompting (Wei et al., 2022)
are applied, it often remains unclear whether the
generated explanations follow the intended evalua-
tion criteria or meaningfully justify the final scores
produced by the model. Consequently, the reason-
ing processes underlying LL.M-based evaluations
remain largely under-examined.

In this work, we argue that evaluating LLM-
based argument quality assessment requires au-
diting not only predicted scores but also the rea-
soning processes that lead to them. In practice,
an LLM evaluator may fail in several ways: its
predicted scores may diverge from human judg-
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Figure 1: Overview of the proposed three-level audit
framework for LLM-based argument quality assessment.
Given an argument and an evaluation prompt, the LLM
produces rationales and a predicted score. Surface align-
ment measures agreement between the LLM score and
human annotations. Instructional alignment evaluates
whether the generated rationales follow the evaluation
criteria. Faithfulness alignment examines whether the
predicted score is supported by the generated rationales.

ments, its explanations may not follow the intended
evaluation criteria, or its reasoning may not actu-
ally support the predicted scores. To systemati-
cally analyze these potential failure modes, we
propose a three-level audit framework for LLM-
based argument quality assessment. As illustrated
in Figure 1, the framework distinguishes three com-
plementary alignment dimensions: surface align-
ment, which measures agreement between LLM-
predicted scores and expert human annotations; in-
structional alignment, which evaluates whether gen-
erated rationales adhere to the intended evaluation
instructions; and faithfulness alignment, which ex-
amines whether predicted scores are supported by
the generated rationales. These dimensions guide
our investigation of the reliability and transparency
of LLM-based argument evaluation through the
following research questions.

(1) Surface Alignment: To what extent do LLM
scores correlate with human annotations
across diverse argument quality dimensions?

(2) Instructional Alignment: To what extent do
the rationales generated by LLMs adhere to
the prompted instructions and criteria defined
for each argument quality dimension?

(3) Faithfulness Alignment: To what extent are
the predicted scores supported by the gener-
ated rationales?

To operationalize this audit, we introduce struc-
tural rationale prompting, a prompting strategy
that guides LLMs to generate step-wise rationales
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based on predefined evaluation criteria before as-
signing quality scores. We apply this approach
to assess argument quality across all 11 dimen-
sions of the Dagstuhl-15512 argument quality cor-
pus (Wachsmuth et al., 2017). Using the gener-
ated rationales and predicted scores, we analyze
the alignment between LLM outputs and human
judgments across the three alignment dimensions
defined above.

The first research question examines whether
LLMs can reliably annotate argument quality in a
manner comparable to human experts. To address
this question, we evaluate the statistical alignment
between LLM-predicted scores and expert human
annotations, measuring agreement using Krippen-
dorff’s o and prediction error using RMSE. We
further analyze whether generating structured ra-
tionales improves agreement between LLMs and
human experts. Among the evaluated models,
mistral-small-latest achieves the strongest
performance (average o = 0.80 and average RMSE
= (0.63). Moreover, structural rationale prompting
yields substantially higher agreement (o = 0.67
vs. 0.28, both using GPT-3.5-Turbo) than the “ex-
pert prompt” used in Mirzakhmedova et al. (2024),
which provides only definitions of the argument
quality dimensions.

While the first research question evaluates align-
ment between LLM-predicted scores and human
annotations, the second examines the quality of
the generated rationales. Because the Dagstuhl-
15512 dataset does not provide gold-standard jus-
tifications, we assess whether LLM-generated ra-
tionales adhere to the structured evaluation instruc-
tions. We validate an independent judge LLM
(GPT-5.2) against human expert annotations on
a small subset, yielding a Krippendorff’s o of
0.56, and then use it to evaluate the remaining
rationales. On a 3-point scale, the results show
consistently high levels of instructional alignment
across the four evaluated models, with scores rang-
ing from 2.00 (Mistral-7B-Instruct) to 2.79
(Mistral-small-latest).

The third research question investigates whether
the models’ predicted scores are supported by their
stated rationales. To assess this relationship, anno-
tators are asked to infer argument quality scores
based solely on the generated rationales, without
access to the original model predictions. These
rationale-based scores are then compared with the
model-predicted scores to derive a measure of faith-
fulness. As in the previous evaluation, we validate



an independent judge LLM (GPT-5.2) against hu-
man expert annotations on a small subset (Krippen-
dorff’s a = 0.56) before applying it to the remaining
instances. On a 3-point scale, the results indicate
consistently high faithfulness alignment across all
evaluated models, with scores ranging from 2.80
(Mistral-7B-Instruct and GPT-3.5-Turbo) to
2.96 (L1ama-3.3-70B-Instruct).

Our contributions are as follows: (1) We intro-
duce a reproducible auditing framework for an-
alyzing the reliability of LLM-based argument
quality evaluation through three alignment dimen-
sions: surface alignment, instructional alignment,
and faithfulness alignment. (2) We propose struc-
tural rationale prompting, a prompting strategy that
guides LLMs to generate structured justifications
based on predefined argument quality criteria be-
fore assigning scores. (3) Through experiments on
the Dagstuhl-15512 argument quality corpus, we
show that structural rationale prompting improves
alignment with human annotations and that mod-
ern LLMs generate rationales that largely follow
evaluation instructions while remaining highly con-
sistent with their predicted scores.

2 Related Work

This section first reviews the evolution of argu-
ment quality assessment from theory-grounded tax-
onomies to neural scoring models. We then exam-
ine the emerging literature on LLM Interpretability,
focusing on generating faithful rationales within
structured reasoning frameworks.

Argument Quality Assessment The computa-
tional argument quality assessment has evolved
across three distinct paradigms: theory-driven fea-
ture engineering, neural representation learning,
and the current era of generative modeling.

Early work in argument quality assessment was
heavily grounded in classical rhetoric and infor-
mal logic. Following the Aristotelian tradition,
researchers initially focused on identifying the
components of an argument using the Toulmin
model (Toulmin, 2003) or Walton’s argumenta-
tion schemes (Walton et al., 2008). Habernal and
Gurevych (2016) pioneered the convincingnes task,
using crowdsourcing to determine which of two
arguments is more persuasive. This was further re-
fined by Wachsmuth et al. (2017), who established
the foundational taxonomy of 11 fine-grained qual-
ity dimensions, providing the Dagstuhl-15512 cor-
pus which remains the gold standard for multi-
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dimensional assessment.

With the rise of deep learning, the field shifted
toward neural models that could capture latent lin-
guistic features. Potash et al. (2017) and Stab
and Gurevych (2017) explored the use of Recur-
rent Neural Networks for scoring argument per-
suasiveness and structure. The introduction of
Transformer-based models like BERT (Devlin et al.,
2019) significantly improved performance on qual-
ity scoring tasks, as seen in the work of Gretz et al.
(2020), who released a large-scale dataset of 30k
arguments scored for quality. Subsequent research
explored cross-domain generalizability (Toledo
etal., 2019) and the use of graph neural networks to
model the relational structure between conflicting
arguments (Ye and Teufel, 2021).

Most recently, the paradigm has shifted toward
using LLMs as judges. For example, Stahl et al.
(2025) fine-tuned an LLM via the proposed spe-
cialized instruction in various computational argu-
ment tasks including quality assessment. In fact,
while models like GPT-4 have demonstrated high
correlation with human scores in general text eval-
uation (Chiang and Lee, 2023), their application to
the specific nuances of argumentation is an ongo-
ing area of research. Liu et al. (2023) introduced
G-Eval, which uses Chain-of-Thought to improve
evaluation consistency. However, as noted by Wang
et al. (2023), LLM evaluators are susceptible to
self-preference bias and hallucinated justifications.
Our work builds on this line of inquiry by moving
beyond simple scoring to audit the faithfulness of
the rationales generated.

Rationale Generation and LLM Faithfulness
The emergence of Large Language Models has
shifted focus from purely discriminative tasks to
generative reasoning. The introduction of Chain-
of-Thought prompting by Wei et al. (2022) demon-
strated that forcing a model to generate intermei-
dary reasoning steps significantly enhances perfor-
mance on complex tasks. In the domain of evalua-
tion, Liu et al. (2023) and Chan et al. (2023) found
that eliciting these rationales leads to higher align-
ment with human-assigned scores. However, the
nature of these rationales remains a subject of in-
tense scrutiny. Researchers have debated whether
these outputs represent a process-oriented logic
or merely a result-oriented justification (Zelikman
et al., 2022; Lightman et al., 2023).

A critical concern in LLM interpretability is
faithfulness: the degree to which a generated



Quality Dimension  Definition

Cogency
Local acceptability
Local relevance
Local sufficiency

Premises worthy of being believed.
Premises accept/reject conclusion.
Premises enough to draw conclusion.

Effectiveness
Credibility Makes author worthy of credence.
Emotion appeal Makes audience open to arguments.
Clarity Uses correct, unambiguous language
and avoids deviation from the issue.
Appropriateness Language supports credibility and
emotions, in proportion to the issue.
Arrangement Argues in the right order.
Reasonableness
Global acceptability Audience accepts use of argument.
Global relevance Argument helps arrive at conclusion.
Global sufficiency  Enough rebuts counterarguments.

Table 1: Definition and categorization of each qual-
ity dimension, adapted from Wachsmuth et al. (2017)
and Mirzakhmedova et al. (2024).

rationale accurately reflects the model’s internal
decision-making process. Jacovi and Goldberg
(2020) established the formal criteria for faithful-
ness, distinguishing it from mere plausibility (how
human-like an explanation sounds). Chen et al.
(2025) examined faithfullness hallucination by cre-
ating a heatmap-like “Halumap,” and Chen et al.
(2024) tried to generate more faithful outputs based
on a multi-task learning approach. Recent audits
have revealed a disturbing trend of post-hoc ratio-
nalization, where models generate convincing but
fundamentally disconnected explanations for their
outputs (Turpin et al., 2023).

To move beyond black-box behavior, several
studies have proposed methods to audit the causal
link between rationales and outputs. Lyu et al.
(2023) explored the use of faithful chain-of-
thoughts by enforcing symbolic intermediate steps.
Meanwhile, the use of Judge LL.Ms to evaluate the
quality and logic of another model’s reasoning has
become a standard diagnostic tool (Zheng et al.,
2023). Our study contributes to this line of work
by applying these “faithfulness audits” to the spe-
cific, highly subjective domain of 11-dimension
argumentation quality.

3 Experimental Setup

This section presents the experimental setup that
underlies the three alignment research questions
investigated in this study. We begin by introducing
the argument quality assessment task, followed by
descriptions of the dataset, the prompting strategies
used to elicit model judgments and rationales, and
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Quality Dimension  #Instances

Cogency
Local acceptability 82
Local relevance 99
Local sufficiency 113
Effectiveness
Credibility 115
Emotion appeal 130
Clarity 89
Appropriateness 53
Arrangement 81
Reasonableness
Global acceptability 96
Global relevance 66
Global sufficiency 136

Table 2: The number of instances in each dimension
where there are perfect agreement among the annotators.

the LLMs evaluated in our experiments.

3.1 Task

Following the argument quality taxonomy pro-
posed by Wachsmuth et al. (2017), our task is to
assess arguments along 11 fine-grained dimensions
of argument quality. These dimensions capture
different aspects of argumentative strength and ef-
fectiveness. Table 1 summarizes the dimensions
together with their definitions.

3.2 Dataset

Based on this taxonomy, Wachsmuth et al. (2017)
constructed the Dagstuhl-15512 argument qual-
ity corpus by annotating 320 arguments drawn
from the UKPConvArgRank dataset (Habernal
and Gurevych, 2016). Each argument was eval-
uated by three expert annotators with respect to the
defined quality dimensions. The reported inter-
annotator agreement, measured using Krippen-
dorff’s v, ranges from 0.23 to 0.60 across dimen-
sions. Annotators assigned scores on a 3-point Lik-
ert scale (1 =1low, 2 = medium, 3 = high) or selected
cannot judge, which occurred only once among ap-
proximately 14,000 individual assessments.

To obtain a single reference label for compari-
son with LLM predictions, we aggregate the scores
from the three annotators using MACE (Hovy et al.,
2013).2 MACE estimates the reliability of each an-
notator and infers a latent true label based on these
reliability estimates, thereby providing a principled
aggregation of multiple annotations.

We also follow Mirzakhmedova et al. (2024) in

*We also experimented with simple score averaging and
observed very similar results.



**Task**: Evaluate the quality of the Local Sufficiency of the given argument in the context of a debate forum. The input
includes an issue, a stance, and a corresponding argument. Your goal is to think step-by-step about the structural flow of the
argumentation and assign a quality score for **Local Sufficiency** (from 1 to 3).

**nput**

- **[ssue**: ISSUE

- **Stance**: STANCE

- **Argument**: ARGUMENT

Definition of Local Sufficiency: The premises of an argument should be seen as sufficient if, together, they provide enough
support to make it rational to draw the argument’s conclusion. If you identify more than one conclusion in the comment, try to
adequately weight the sufficiency of the premises for each conclusion when judging about their “aggregate” 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.

## Step-by-Step Instructions:
(1) Identify the conclusion — Determine the main claim that the author is trying to prove or support.
(2) List the premises — Extract the key reasons or pieces of evidence offered to support the conclusion. Ensure they are
clearly separable and relevant.
(3) Evaluate logical connections — Analyze whether the premises logically and directly support the conclusion without major
gaps or irrelevant claims.
(4) Assess premise quality and evidence support — Check if the premises are factually sound, supported by evidence, and free
from bias or unsupported assumptions.
(5) Make a global judgment
* Score 3 (High) — Premises are relevant, coherent, and collectively sufficient to justify the conclusion.
* Score 2 (Medium) — Premises are partially sufficient but lack depth or contain minor gaps in reasoning.
* Score 1 (Low) — Premises are weak, biased, or fail to support the conclusion logically.

*EkExamples: %%

- Argument: example_argument
- Issue: example_issue

- Stance: example_stance

- Reasoning: example_reasoning
- Final score: example_score

Table 3: The structural rationale prompt for assessing the local sufficiency quality dimension. The teletype tokens
are the placeholders for the argument to be evaluated. Two examples for few shots learning are provided in the end
but are omitted here due to space constraints. The full example and the model outputs can be found in Sec A.1.

constructing a perfect-agreement subset, consist-  ciency dimension as an example. The prompt first
ing of instances for which all annotators assigned  provides the issue, stance, and argument, fol-
the same score. This subset represents cases with ~ lowed by the definition of local sufficiency taken
unambiguous human judgments and therefore pro-  from the annotation guidelines in Wachsmuth et al.
vides a useful setting for analyzing model behavior ~ (2017). Based on this definition and prior computa-
under high annotation certainty. The number of in-  tional approaches to modeling the dimension, we
stances in the perfect-agreement subset is reported ~ formulate step-by-step instructions that guide the
in Table 2. model in producing a structured rationale prior to

assigning a score.
3.3 Prompt Design

For the local sufficiency dimension, both the
definition and prior computational work (Rahimi
et al., 2014) suggest that evaluation requires several
reasoning steps: (1) identifying the premises and
the conclusion of the argument, (2) assessing the
logical support provided by each premise for the
conclusion, and (3) aggregating these assessments
to determine whether the premises are collectively
sufficient. Based on this reasoning procedure, we
formulate the structured rational prompt shown in
the example prompt. Importantly, our goal is not to
claim that these prompts represent an optimal de-
Structural Rationale Prompt Table 3 illustrates  sign for argument quality annotation. Instead, they
the structural rationale prompt using the local suffi-  serve as an analytical tool for examining whether
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Prompt design for LLMs is known to be highly
sensitive, as even small variations in wording can
lead to substantially different outputs. Rather than
focusing on prompt engineering for optimal perfor-
mance, this work introduces a structural rationale
prompting framework designed to guide language
models through a structured reasoning process be-
fore assigning argument quality scores. The goal of
this framework is to encourage models to approxi-
mate the reasoning procedure of expert annotators
when evaluating arguments.
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Figure 2: Krippendorff’s o measuring agreement between human annotations and LLM predictions across models
and prompting strategies. Results for the expert prompt are taken from Mirzakhmedova et al. (2024). Structural
rationale prompting consistently improves agreement across the evaluated dimensions.

LLMs follow the intended evaluation procedure
and whether their predicted scores are supported
by the generated rationales.

All experiments are conducted three times, and
we report the average performance across runs. The
few-shot examples used in the prompts are sampled
from the Dagstuhl-15512 corpus and are excluded
from the corresponding evaluation sets to avoid
overlap between demonstration and test instances.

Expert Prompt To enable comparison with the
results reported by Mirzakhmedova et al. (2024),
we also evaluate the so-called “expert prompt.”
This prompting strategy provides the LLM with
only the definition of each argument quality dimen-
sion taken from the annotation guidelines, without
additional step-by-step instructions.
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As our evaluation setup, we prompt several LLMs
with varying architectures and model scales: (1)
Llama-3.3-70B-Instruct, (2) GPT-3.5-Turbo, a
large proprietary model, (3) Mistral-7B-Instruct,
and (4) Mistral-small-latest (approximately 24B
parameters). These models cover both open-weight
and commercial systems and represent a range of
model capacities. To ensure comparability across
models, we use the same prompts and experimental
settings (temperature = 0.7, and top_p = 0.9)
for all models, allowing us to better isolate the ef-
fects of model scale and architecture on argument

Models
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quality assessment.

4 Surface Alignment

The first research question examines surface align-
ment, which measures the degree of agreement be-
tween LLM-predicted argument quality scores
and human annotations. Our goal is to determine
whether structural rationale prompting improves
annotation performance compared with the prompt-
ing strategy used in prior work. To this end, we
compare our model predictions with the results
reported by Mirzakhmedova et al. (2024) on the
perfect-agreement subset, where all human annota-
tors assigned the same score and the ground truth
is therefore unambiguous. Figure 2 reports Krip-
pendorft’s o between human annotations and LLM
predictions across models and prompting strate-
gies. Overall, structural rationale prompting leads
to consistently higher agreement across the evalu-
ated dimensions. Notably, despite having fewer pa-
rameters than GPT-3.5-Turbo and Llama-3.3-70B-
Instruct, Mistral-small-latest achieves the strongest
overall agreement.

To complement the agreement analysis, Table 4
reports the RMSE of the four models with respect
to the aggregated reference labels on the whole
dataset. The results largely corroborate the find-
ings from Krippendorff’s a:: Mistral-small-latest
achieves the lowest overall prediction error across
the evaluated dimensions. Among the remaining



Models LA LR LS Cr Em Cl Ap Ar GA GR GS Avg.
Llama-3.3-70B-Instruct 0.74 0.73 0.71 0.64 0.76 0.73 0.73 0.76 0.61 0.71 0.77 0.72
GPT-3.5-Turbo 0.78 0.83 0.91 0.77 0.79 0.80 0.79 0.86 0.73 0.89 0.66 0.80
Mistral-7B-Instruct 0.70 0.88 0.82 0.80 0.85 0.75 0.72 0.87 0.78 0.79 0.67 0.78
Mistral-small-latest 2-shots 0.73 0.71 0.71 0.66 0.70 0.67 0.67 0.74 0.66 0.68 0.58 0.68
Mistral-small-latest O-shots 0.85 0.79 0.74 0.69 0.79 0.69 0.75 0.84 0.67 0.72 0.80 0.74

Table 4: RMSE of the four models and mistral-small-latest under zero-shot setting. The abbreviations denote
the following dimensions: Local Acceptability, Local Relevance, Local Sufficiency, Credibility, Emotional Appeal,
Clarity, Appropriateness, Arrangement, Global Acceptability, Global Relevance, and Global Sufficiency. The
best-performing setting for each dimension is highlighted in bold.

Models LA LR LS Cr Em Cl Ap Ar GA GR GS Avg.
Llama-3.3-70B-Instruct 2.54 2.93 2.98 3.00 2.40 3.00 3.00 2.96 246 294 2.17 2.76
GPT-3.5-Turbo 1.98 1.93 2.00 2.14 225 199 2.32 2.77 229 2.00 2.25 2.17
Mistral-7B-Instruct 1.93 1.92 2.02 2.01 2.00 1.97 2.06 2.33 2.02 2.00 1.72 2.00
Mistral-small-latest 2.84 2.99 3.00 270 3.00 2.80 2.62 2.98 2.32 3.00 2.49 2.79

Table 5: Average instructional alignment scores of the generated rationales. Dimension abbreviations follow those
defined in Table 4. The best-performing model for each dimension is highlighted in bold.

models, Llama-3.3-70B shows the second-best per-
formance and even achieves the lowest RMSE on
the dimensions of local sufficiency and credibility.
This suggests that larger models can still outper-
form smaller ones on specific dimensions, although
the overall trend favors Mistral-small-latest.

We further examine whether providing demon-
stration examples improves annotation perfor-
mance. The last row in Table 4 shows the per-
formance of Mistral-small-latest under zero-shot
setting. Across all evaluated dimensions, the two-
shot configuration consistently yields lower RMSE
than the zero-shot setting. This result indicates that
including a small number of annotated examples
helps the model better calibrate its scoring behavior,
leading to more accurate predictions.

Overall, the results indicate that structural ratio-
nale prompting substantially improves the align-
ment between LLM predictions and human anno-
tations. Across multiple models and evaluation
metrics, the prompting framework consistently in-
creases agreement and reduces prediction error,
suggesting that guiding LLMs through structured
reasoning can enhance their reliability as auto-
mated evaluators of argument quality.

S Instructional Alignment

The second research question investigates instruc-
tional alignment, focusing on the quality of the
rationales generated by LLMs. In particular, we
examine whether the models follow the structured
evaluation instructions provided in the prompts.
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Score Difference Fully C. Partially C. Non-C.

A=0 575 149 2
A=1 255 60 1
A=2 12 4 1

Table 6: Distribution of instances across instructional
alignment levels (fully compliant, partially compliant,
non-compliant) together with the corresponding predic-
tion errors of Mistral-small-latest.

To this end, we randomly sample five arguments
for each quality dimension and generate rationales
using the four models described in Section 3.4. A
total of 5 samples x 11 dimensions x 4 models =
220 annotations were conducted. Two human ex-
perts from the authors then evaluate how well each
generated rationale follows the given instructions
using a three-point Likert scale (1 = non-compliant,
2 = partially compliant, 3 = fully compliant). In
addition to human evaluation, we prompt an in-
dependent LLM (GPT-5.2) to perform the same
assessment. The two human annotators achieve
a Krippendorff’s a of 0.69, indicating substantial
agreement. When the LLM judge is included as a
third annotator, the overall inter-annotator agree-
ment is 0.56, suggesting moderate agreement.
Table 5 reports the instructional alignment scores
assigned by GPT-5.2 across all quality dimensions.
Overall, the results indicate that the evaluated mod-
els generally follow the structured instructions
well. Several models even achieve perfect scores in
specific dimensions—for example, Mistral-small-
latest obtains full compliance in local sufficiency,



Models LA LR LS Ctr Em Cl Ap Ar GA GR GS Avg.

Llama-3.3-70B-Instruct 2.87 2.95 2.99 3.00 3.00 2.96 2.91 2.99 298 2.98 2.99 2.96
GPT-3.5-Turbo 277 274 2.80 270 2.84 2776 2.79 2.77 292 2.85 291 2.80
Mistral-7B-Instruct 2770 2.71 2.80 2.82 2.81 291 275 2.96 295 2.85 2.58 2.80
Mistral-small-latest 2.79 293 2.99 293 298 299 277 2.96 2.98 2.98 2.86 2.92

Table 7: Faithfulness alignment scores across models and dimensions, computed from the absolute difference
between model-predicted scores and faithful scores inferred from the generated rationales. Dimension abbreviations
follow those defined in Table 4. The best-performing model for each dimension is highlighted in bold.

Models LA LR LS Ctr Em Cl Ap Ar GA GR GS Avg.

Mistral-small-latest end-to-end 0.73 0.71 0.71 0.66 0.70 0.67 0.67 0.74 0.66 0.68 0.58 0.68
Mistral-small-latest 2-step 0.90 0.64 0.70 0.48 0.40 0.61 0.64 0.58 0.52 0.43 0.58 0.59

Table 8: RMSE comparison between the original model-predicted scores and the faithful scores inferred from the
generated rationales using the two-step evaluation pipeline. Dimension abbreviations follow those defined in Table 4.
The best-performing setting for each dimension is highlighted in bold.

emotional appeal, and global relevance. Among  rationales it generates. To assess this relationship,
the four models, Mistral-small-latest again achieves ~ we use the same randomly selected examples de-
the strongest overall performance, ranking firstin ~ scribed in Section 5, and conducted another 220
7 out of the 11 evaluated dimensions. annotations. Two human experts and one LLM

Beyond model comparison, we further examine ~ judge (GPT-5.2) are shown only the generated ra-
the relationship between instructional alignment  tionales, without access to the original arguments
and prediction accuracy. Table 6 analyzes the out-  or the model-predicted scores. Based solely on
puts of the best-performing model, Mistral-small-  the rationales, they are asked to assign argument
latest, by grouping instances according to their in- quality scores, which we refer to as faithful scores.
structional alignment level. The results reveal a ~ The agreement between the two human annota-
general tendency: rationales that more closely fol-  tors reaches a Krippendorff’s a of 0.65, while the
low the provided instructions are associated with overall inter-annotator agreement across all three
lower prediction errors. This observation suggests annotators is 0.53, indicating moderate agreement.

that adherence to the structured reasoning proce- Using the annotations produced by GPT-5.2, we
dure may contribute to more reliable argument qual- ~ define faithfulness alignment based on the abso-
ity assessments. lute difference between the faithful score and the

Overall, the results indicate that modern LLMs  original model-predicted score. A value of 3 in-
can largely follow the structured evaluation in-  dicates perfect alignment (no difference), 2 indi-
structions provided in the structural rationale  cates a difference of one point, and 1 indicates a
prompts. The consistently high instructional align- ~ difference of two points. Table 7 reports the result-
ment scores suggest that the generated rationales  1ng faithfulness alignment scores across all dimen-
generally adhere to the intended evaluation criteria. ~ sions and models. Overall, the predicted scores
Moreover, the observed association between higher ~ are highly consistent with the generated rationales.
instructional compliance and lower prediction error ~ The lowest average faithfulness score is 2.80 for
indicates that closely following the rational pro- ~ Mistral-7B-Instruct, while Llama-3.3-70B-Instruct

cedure may contribute to more reliable argument achieves the highest score of 2.96, indicating very

quality assessments. strong internal alignment.
Finally, we extend the analysis by asking GPT-
6 Faithfulness Alignment 5.2 to infer faithful scores for the entire dataset

and comparing these scores with the human an-
While the previous two research questions exam-  notations, following the evaluation protocol used
ine predicted scores and generated rationales sepa-  in Section 4. This procedure effectively imple-
rately, the third research question investigates faith-  ments a two-step evaluation pipeline: the model
fulness alignment, that is, the internal consistency first generates a rationale and then derives a score
between the scores produced by a model and the  from that rationale. Such a setup resembles
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multi-step reasoning approaches such as Least-to-
Most prompting (Zhou et al., 2023). Table 8 re-
ports RMSE for each dimension, compared with
the best-performing configuration from Section 4
(Mistral-small-latest with structural rationale
prompting). The results show that this two-step
approach further reduces RMSE, suggesting that
explicitly grounding the score in the generated ra-
tionale can lead to more accurate predictions.

Overall, the results indicate that the scores pro-
duced by LLMs are largely supported by their gen-
erated rationales, demonstrating strong faithfulness
alignment. Moreover, deriving scores explicitly
from rationales in a two-step evaluation pipeline
can further improve prediction accuracy. These
findings suggest that incorporating structured rea-
soning not only improves interpretability but can
also enhance the reliability of LLM-based argu-
ment quality assessment.

7 Conclusion

In this paper, we proposed a three-level audit frame-
work for evaluating the reliability of LLMs as
annotators for argument quality assessment, cov-
ering surface alignment, instructional alignment,
and faithfulness alignment. To operationalize
this framework, we introduced structural rationale
prompting, which guides models to generate struc-
tured justifications before assigning scores. Exper-
iments on the Dagstuhl-15512 argument quality
corpus show that this prompting strategy substan-
tially improves agreement with human annotations,
while the generated rationales generally follow the
intended evaluation criteria and remain highly con-
sistent with the predicted scores. Overall, our find-
ings highlight the importance of auditing LLM eval-
uators beyond surface score agreement in order to
better understand the transparency and reliability
of LLM-based argument evaluation.

8 Limitations

This study has several limitations. First, our ex-
periments focus on argument quality assessment
using the Dagstuhl-15512 corpus, which contains
a limited number (320 instances) of annotated ar-
guments from a specific debate dataset. As a result,
the findings may not fully generalize to other do-
mains or argumentation settings. Second, we evalu-
ate a limited set of LLMs and prompting strategies.
Although the selected models represent different
model families and scales, the results may vary for
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other models or alternative prompting approaches.

Third, part of our evaluation relies on an LLM-
based judge to assess instructional and faithfulness
alignment. While we validate the judge against
human annotations on a subset of instances, auto-
mated evaluation may still introduce biases or inac-
curacies. Finally, the structural rationale prompts
used in this work are designed primarily to facili-
tate the proposed auditing framework rather than
to represent an optimal prompting strategy. Future
work could explore alternative prompt designs and
examine whether similar alignment patterns hold
across different reasoning structures.

9 [Ethical Concerns

The increasing use of LLMs as automated anno-
tators raises ethical considerations regarding the
role of human expertise in data annotation and cor-
pus creation. While LLM-based annotation may
reduce the cost and time required to construct la-
beled datasets, it should not be viewed as a direct
replacement for human annotators, particularly for
complex tasks such as argument quality assessment
that involve nuanced judgment and contextual un-
derstanding. The goal of this work is therefore not
to advocate replacing human annotators, but rather
to examine whether and how LLM outputs align
with human evaluation criteria.

Another concern is the potential over-reliance
on LLM-generated annotations in downstream re-
search. If LLM outputs are used without care-
ful validation, systematic biases or reasoning er-
rors may propagate into training data and evalu-
ation benchmarks. Our proposed auditing frame-
work aims to mitigate this risk by encouraging re-
searchers to evaluate LLM annotators along multi-
ple alignment dimensions, including their reason-
ing processes. By promoting transparency in how
LLM evaluators generate scores and explanations,
we hope to support more responsible use of LLMs
in annotation and evaluation pipelines.
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A Appendix
A.1 Full Example

Table 9 provides an argument together with its is-
sue and stance. Using this argument, the tested
four models generate the rationales and predict the
quality score as shown in Table 10 and 11. Besides,
the alignment scores by GPT-5.2 are also included
in the tables.



Human Annotation: 1 (lowest)

Issue: ban-plastic-water-bottles

Stance: no-bad-for-the-economy

Argument: Western Europe consumes almost 50% of the world’s bottled water. Many claim that this is due to European culture,
since the continent has had very polluted waters due to agriculture and industry dating back to the Industrial Revolution. The
water bottles they buy help us.

Table 9: An example argument together with its issue and stance.

Llama-3.3-70B-Instruct
Predicted Score: 1
Instructional Alignment: 3
Faithfulness Alignment: 3

Rationales:

1. **Conclusion**: The argument aims to support the stance ‘“no-bad-for-the-economy” — i.e., banning plastic water bottles is
not bad for the economy. However, the stated conclusion is not clearly articulated. Instead, the argument makes a claim about
Western Europe’s bottled water consumption and cultural reasons for it, concluding with “The water bottles they buy help us.”
This is vague and does not logically connect to the economic impact of a ban.

2. **Premises**:

- Western Europe consumes nearly 50% of the world’s bottled water.

- This consumption is attributed to historical pollution from agriculture and industry (dating to the Industrial Revolution).

- The purchase of bottled water by Europeans “helps us” (implying economic benefit to others, likely producers or exporters).
3. **Evaluation of Logical Connections**:

- The premises do not address the economic consequences of banning plastic water bottles.

- The claim that “the water bottles they buy help us” is ambiguous: it’s unclear who “we” refers to, what kind of help is meant
(e.g., export revenue, job creation), and how this relates to a ban.

- Even if Western Europe’s consumption supports some industries, this does not justify the claim that a ban would be *bad for the
economy*. In fact, a ban might shift demand to alternatives (e.g., reusable bottles, filtered tap water), which could still support
economic activity.

- There is no reasoning linking the current consumption pattern to the economic viability of maintaining plastic bottle use under a
ban.

4. **Assessment of Premise Quality**:

- The premise about Western Europe consuming 50% of bottled water is plausible and supported by data (e.g., from Euromonitor
or OECD reports), so it is factually acceptable.

- The historical pollution claim is broadly consistent with known environmental history of Western Europe.

- However, the causal link between pollution and bottled water use is oversimplified and lacks nuance (e.g., many European
countries have high-quality tap water but still consume bottled water due to convenience or marketing).

- The final claim — “The water bottles they buy help us” — is unsupported, vague, and lacks evidence or explanation.

5. **Global Judgment**:

- The premises fail to provide sufficient support for the conclusion that banning plastic water bottles is bad for the economy.

- There is a significant gap between the evidence presented and the economic claim being defended.

- The argument appears to confuse current consumption patterns with long-term economic impacts of regulation.

- It does not address alternatives, market shifts, or potential economic benefits of a ban (e.g., reduced waste management costs,
growth in sustainable industries).

Therefore, the argument suffers from a fundamental lack of logical sufficiency. The premises are either irrelevant or too weak to
justify the conclusion, despite some plausible factual claims.

GPT-3.5-Turbo

Predicted Score: 2

Instructional Alignment: 2

Faithfulness Alignment: 3

Rationales:

The premises provided in the argument are relevant and logical, linking European culture and historical context to the consumption
of bottled water. However, the argument lacks depth and evidence to fully support the conclusion that water bottles help the
economy. The connection between cultural history and economic benefit is not explicitly detailed, leading to a partially sufficient
local sufficiency score.

Table 10: The output rationales together with the predicted local sufficiency quality score and the alignment scores
by Llama-3.3-70B-Instruct and GPT-3.5-Turbo.
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Mistral-7B-Instruct
Predicted Score: 2
Instructional Alignment: 2
Faithfulness Alignment: 3

Rationales:

While the premises are relevant and logically connected, they lack depth and specificity in supporting the conclusion that the
Western European consumption of bottled water is not bad for the economy. The argument relies on generalizations about
European culture and history without providing concrete evidence of the economic benefits of bottled water consumption.
Additionally, the premises could be strengthened by including specific data or examples that demonstrate the positive impact of
bottled water on the economy.

Mistral-small-latest
Predicted Score: 1
Instructional Alignment: 3
Faithfulness Alignment: 3

Rationales:

1. **Conclusion**: The argument aims to support the stance that banning plastic water bottles is bad for the economy by
claiming that plastic water bottles are beneficial to the economy (implied by “The water bottles they buy help us”).

2. **Premises**:

- (1) Western Europe consumes almost 50% of the world’s bottled water.

- (2) This consumption is due to European culture, as the continent has had polluted waters due to agriculture and industry since
the Industrial Revolution.

- (3) The water bottles they buy help us (presumably the global economy or the author’s country).

3. **Evaluation**:

- The premises are somewhat relevant to the conclusion but contain significant gaps in reasoning.

- Premise (1) provides a factual claim about consumption but does not directly explain how this supports the economy.

- Premise (2) attempts to justify the consumption by historical context but does not logically connect to economic benefits.

- Premise (3) is vague ("help us") and lacks specificity about how the economy benefits. It assumes a positive economic impact
without evidence.

- The argument does not explain why banning plastic water bottles would harm the economy, nor does it provide data or reasoning
to support the claim that bottled water is economically beneficial.

4. **Qverall Judgment**:

- The premises are weak, lack depth, and fail to provide sufficient logical or evidentiary support for the conclusion. The argument
relies on unsupported assumptions and broad generalizations.

Table 11: The output rationales together with the predicted local sufficiency quality score and the alignment scores
by Mistral-7B-Instruct and Mistral-small-latest.
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