When LLMs Annotate: Reliability Challenges in Low-Resource NLI

Solmaz Panahi', John Kelleher?, Vasudevan Nedumpozhimana?

! Maynooth University, > Trinity College Dublin

Abstract

This paper systematically evaluates LLM reli-
ability on the complex semantic task of Natu-
ral Language Inference (NLI) in Farsi, assess-
ing six prominent models across eight prompt
variations through a multi-dimensional frame-
work that measures accuracy, prompt sensitiv-
ity, and intra-class consistency. Our results
demonstrate that prompt design-particularly the
order of premise and hypothesis-significantly
impacts prediction stability. Proprietary models
(Claude-Opus-4, GPT-40) exhibit superior sta-
bility and accuracy compared to open-weight
alternatives. Across all models, the ’Neutral’
class emerges as the most challenging and least
stable category. Crucially, we redefine model
instability as a diagnostic tool for benchmark
quality, demonstrating that observed disagree-
ment often reflects valid challenges to ambigu-
ous or erroneous gold-standard labels.

1 Introduction

LLMs have emerged as a potential solution to data
annotation limitations. Several works, across a
range of tasks, have harnessed the capabilities of
powerful LLMs as teachers to generate and an-
notate dataset samples (Viswanathan et al.; He
et al., 2024b; Ding et al., 2023; Gilardi et al.,
2023; Chiang and yi Lee, 2023; Yadav et al., 2024;
Wang et al., 2021). Applications include ma-
chine translation (de Gibert et al., 2025), classifica-
tion (Li et al., 2024a), and open-ended tasks such
as summarization and question answering (Hon-
ovich et al., 2022). These approaches capture the
teacher model’s semantic insights and reasoning ca-
pabilities, enabling knowledge transfer for training
smaller or more efficient models.

While using LLMs as a proxy for human an-
notators has become increasingly popular, their
reliability remains challenging. LL.Ms have limi-
tations as direct human replacements, particularly
in low-resource and nuanced task settings (Cheng

et al., 2024). These limitations can be broadly
categorized into methodological instabilities, in-
herent systematic biases, and task-specific con-
straints. LLLMs responses are highly sensitive to
minor changes in prompt phrasing, formatting, and
exemplar selection (Sclar et al., 2024; Long et al.,
2024). Studies have documented significant or-
der effects, where the sequence of presenting in-
formation fundamentally alters model reasoning
(Rezagholizadeh et al., 2025; Chen et al., 2024;
Zhuo et al., 2024; Arakelyan et al., 2024), and
have quantified their vulnerability to spurious fea-
tures in prompt phrasing (Sclar et al., 2024). Apart
from order, the format of prompts has been shown
to have significant impact on LLMs performance
(He et al., 2024a). This instability is further com-
pounded in multilingual contexts, where prompt
translation strategies (Tsarfaty et al., 2025) and
language-specific templates (Gan and Mori, 2023)
dramatically impact performance, raising particular
concerns about their reliability as evaluators in low-
resource languages (Fu and Liu, 2025). LLMs can
inherit and amplify bias present in their training
data which leads to systematic errors that are not
random but are skewed against underrepresented
perspectives (Suhara et al., 2024; Gallegos et al.,
2024). For low-resource languages like Farsi, this
is a critical issue; an LLM trained on skewed data
may fail to understand cultural context and nuance.
While cultural bias is a primary concern for low-
resource languages, tasks such as NLI introduce ad-
ditional dimensions of bias that threaten annotation
validity. These include lexical bias, where models
rely on surface-level word overlap; demographic
bias, where social stereotypes influence logical
judgments; and veridicality bias, which concerns
the unresolved tension between strict textual infer-
ence and the use of common-sense world knowl-
edge (Geiger et al., 2020). More generally the
performance of LLMs as annotators is highly task-
dependent and often fails on subjective or complex



linguistic tasks. While they may achieve strong
results on fact-based or simple classification tasks,
their performance deteriorates on tasks requiring
pragmatic reasoning, world knowledge, or the in-
terpretation of subjective intent (Mirzakhmedova
et al., 2024; Haq et al., 2025; Calderon et al., 2025;
Wang et al., 2023). Surveys and empirical studies
consistently synthesize these axes, concluding that
the reliability of LLMs as annotators or judges
is profoundly task- and setup-dependent. This
observation motivates the need for standardized
protocols and benchmarks for LLM-as-annotator
and LLM-as-judge, as well as careful implemen-
tation and awareness of their limitations (Tseng
et al., 2024; Chiang and yi Lee, 2023; Cheng et al.,
2025; Wang et al., 2025; Li et al., 2024b; Tan et al.,
2024). The critical question, therefore, shifts from
if LLMs can replace human annotators to under
what specific conditions—which tasks, languages,
and methodological setups—their strengths can be
reliably leveraged while mitigating their profound
weaknesses. The literature and research are highly
focused on English, and fewer scholars work on
non-English (Joshi et al., 2025; Whitehouse et al.,
2023; Kaddour and Liu, 2024; Samuel et al., 2024).
LLMs are demonstrably weaker in low-resource
languages due to pre-training data imbalance, lead-
ing to poorer grasp of grammar, style, and reason-
ing. This creates a double bind: the communities
most in need of scalable annotation solutions are
those for whom the current technology is least re-
liable. To address this gap, we present a compre-
hensive reliability analysis of LLMs as annotators
for Farsi NLI—a complex semantic task requiring
nuanced logical reasoning that serves as a rigor-
ous testbed for evaluating annotator capabilities in
low-resource settings. Our contributions include:

* We introduce a comprehensive evaluation
framework that goes beyond accuracy to as-
sess LLM annotators. While individual met-
rics exist in prior work, their systematic in-
tegration for evaluating annotation reliability
is novel. This methodology is language- and
task-agnostic, providing a generalizable tem-
plate for evaluating LLM annotator reliability
across diverse linguistic contexts and annota-
tion tasks beyond NLI.

* Empirical analysis of methodological instabil-
ities, quantifying how prompt design induces
prediction volatility.

* Evidence that benchmark quality substantially
shapes perceived LLM reliability, with many
high-instability cases aligning with genuine
annotation ambiguity or noisy gold labels
rather than clear model errors.

2 Methodology

Our methodology is designed to test several key
hypotheses about LLLM annotation behavior: that
model performance varies systematically with
prompt formulation, that annotation stability dif-
fers across model families, and that reliability met-
rics beyond accuracy reveal critical insights about
model robustness. To test these hypotheses, we
constructed a controlled experiment examining
six LLMs across eight prompt conditions using
ParsiNLU training split (750 samples: 275 entail-
ment, 241 neutral, and 234 contradiction) as our
evaluation testbed (Khashabi et al., 2021).

2.1 Annotator Models

LLMs differ substantially in scale, training data,
and development methods. To systematically inves-
tigate how underlying size and training paradigms
mediate annotator reliability, we selected differ-
ent instruction-tuned LLMs based on access type
(proprietary versus open-weight), model scale (pa-
rameter count and computational demands), and
linguistic coverage (general-purpose versus explic-
itly multilingual). The models we selected are
Claude-Opus-4, GPT-40, GPT-40-mini, Qwen3-
30B-Instruct, Llama3.3-70B-Instruct, and Aya-23-
35B. !

2.2 Prompt Design and Variations

The sensitivity of LLMs to prompt formulation is
a well-documented phenomenon, fundamentally
linked to their auto-regressive training objective.
Since these models are trained to maximize se-
quence likelihood, their performance on a given
task is governed by the probability they assign to
both the prompt itself and the correct answer (Yao
et al., 2023). This probabilistic dependency ex-
plains the observed instability in accuracy when
prompts are altered. Our prompt design frame-
work employs controlled variations across three

'We also evaluated smaller models in the 7B parame-
ter range (including Qwen2.5-7B-Instruct, Llama-3.1-8B-
Instruct) but excluded them from detailed analysis due to
substantially degraded performance, with accuracy ranging
between 53-56%.



critical dimensions: instruction language (English/-
Farsi), stylistic elaboration (concise/detailed), and
structural ordering (premise-hypothesis/hypothesis-
premise), enabling precise isolation of each factor’s
influence on annotation stability. We design the
system prompts and user prompts as follows:

System Prompts System prompts are used to
define the role of the language model and constrain
its behavior during the classification task. In our
experiments we use two variants of system prompt
((a) elaborate or (b) concise):

a) You are a helpful assistant that evalu-
ates whether a hypothesis can be inferred
from a premise. Answer using only one
of the following labels: Entailment, Con-
tradiction, or Neutral. Do not explain.
b) Classify the relationship between the
following two statements as Entailment,
Contradiction, or Neutral. Respond with
one word only.

System prompts are provided in either English
or Farsi to examine the influence of instruction
language on model performance. We do not trans-
late the input samples (premises and hypotheses).
Therefore, all models receive the original (Farsi)
samples with both English and Farsi instructions.
The inclusion of bilingual system prompts allows
for comparative analysis of how instruction lan-
guage affects the behavior of multilingual models.

User Prompts To evaluate the sensitivity of lan-
guage models to input phrasing, two user message
formulations ((a) original or (b) reverse) are em-
ployed:

a)Premise:{premise }JHypothesis:{hypothesis .
Answer:
b)Hypothesis:{hypothesis}Premise:{premise.
Answer:

Due to the directional nature of entailment, we em-
ploy explicit semantic role labels (Premise: and Hy-
pothesis:) that persist across both ordering condi-
tions. This design ensures that models receive clear,
unambiguous identification of each component’s
logical role, thereby isolating order effects from
potential role confusion. By combining the four
system prompt variants (two in each language) with
the two user prompt formats described (original

and reverse), a total of eight distinct prompt con-
figurations are generated for each model (Table

1.

Prompt Lang Style Order

original_elaborate_en En Elaborate  original
original_concise_en En Concise original
original_elaborate_fa Fa Elaborate  original
original_concise_fa Fa Concise original
reverse_elaborate_en En Elaborate  reverse
reverse_concise_en En Concise reverse
reverse_elaborate_fa Fa Elaborate reverse
reverse_concise_fa Fa Concise reverse

Table 1: Prompt variants used to evaluate LLM sensitiv-
ity to linguistic and structural variations. Each prompt
combines language (English, Farsi), instruction style
(elaborate, concise), and premise-hypothesis ordering
(original, reverse).

2.3 Evaluation metrics

We evaluate LLM reliability through multiple ro-
bustness dimensions: accuracy measures task cor-
rectness; sensitivity quantifies prompt-induced de-
cision instability by measuring normalized entropy
of predictions across prompt variants (Errica et al.,
2025); consistency assesses class-wise stability
(Errica et al., 2025); and inter-model agreement
captures consensus across model families. Model
evaluation was conducted using a zero-shot prompt-
ing strategy for all models. Generation parameters
were controlled by setting the sampling tempera-
ture to 7' = 0 and limiting the maximum output
sequence length to 10 tokens.

3 Results

3.1 Accuracy

We compute the model’s prediction accuracy inde-
pendently for each prompt variants. This prompt-
level evaluation enables a finer-grained diagno-
sis of prompt sensitivity: certain prompt vari-
ants may induce significantly higher or lower ac-
curacy for the same model and input distribu-
tion. Figure 1 presents the accuracy distribution
across prompts and models. For all models, ac-
curacy was generally higher when the prompt or-
der was original rather than reversed. Claude-
Opus-4 achieved the highest accuracy (0.83) with
the original_concise_fa prompt, while Aya-23-
35B had the lowest accuracy (0.61) under the
reverse_elaborate_fa prompt. Although all
models reached their maximum accuracy with orig-
inal order prompts, there was noticeable variation



in average performance and prompt sensitivity be-
tween models.
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Figure 1: Accuracy of six language models across eight
prompt configurations for Farsi NLI. Original premise-
hypothesis ordering (left four columns) consistently
yields higher accuracy than reversed ordering (right four
columns).

3.2 Sensitivity

This metric captures the degree to which a model’s
predicted labels for a given input vary across se-
mantically equivalent prompt formulations, inde-
pendent of ground truth. Specifically, sensitivity
is measured as the normalized entropy of the pre-
dicted label distribution over a set of prompt vari-
ants for the same input (Errica et al., 2025). For-
mally, for an input = and a set of prompt variants
{p1,...,pn}, let P, € RE denote the empirical
distribution of predicted labels over K classes. The
sensitivity for input z is then computed as:
o H(P,)
Sensitivity(z) = log, K (1)
Where H(P,) = — Zf; P,(i)logy P,(7). Sensi-
tivity does not evaluate the correctness of a model’s
prediction, but rather its robustness to prompt
variation— that is, the extent to which its outputs re-
main stable when presented with alternative phras-
ings of the same underlying instruction. Averaging
this value across a set of inputs provides a model-
level sensitivity score. This metric enables analysis
beyond traditional accuracy-based evaluation by
diagnosing prompt-induced decision instability.
Figure 2 illustrates the distribution of prompt
sensitivity scores for all evaluated models. Each
violin represents the distribution of sample-level
sensitivity scores, where a lower score indicates
consistent predictions across prompt variants, and
a higher score denotes greater variability or insta-
bility. The proprietary models-Claude-Opus-4 and

GPT-40-show narrower distributions concentrated
near zero, confirming their robustness to prompt
phrasing and alignment stability. In contrast, open-
weight models exhibit broader distributions, with
substantial density at higher sensitivity scores, re-
flecting less robustness to prompt variants. Overall,
the figure underscores that prompt robustness is
not uniform across models, and that even state-of-
the-art open-weight systems can exhibit substantial
behavioral inconsistency under seemingly minor
prompt variations. Samples with sensitivity val-
ues above 0.67 2 typically represent cases where
the model shows significant confusion between all
three classes (entailment, contradiction, neutral),
reflecting high uncertainty in decision boundaries.
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Figure 2: Violin plots of prompt sensitivity scores for
six LLMs. Higher sensitivity scores indicate greater
instability in responses. Proprietary models (Claude-
Opus-4, GPT-40) show lower median sensitivity and
more compact distributions, reflecting consistent behav-
ior across prompts. In contrast, open-weight models
(LLaMA-3.3-70B, Aya-23-35B) display broader distri-
butions and higher variability.

We next focus on the subset of zero-sensitivity
samples—instances for which a model consistently
predicts the same label across all prompt variants.
These samples represent cases of complete intra-
model agreement, suggesting high internal confi-
dence and robustness to prompt perturbation. By
analyzing how these stable predictions align with
the gold-standard annotations, we evaluate whether
prediction stability necessarily implies correctness.

*The normalized entropy threshold of 0.67 was determined
through empirical analysis of vote distributions across eight
prompt variations, representing the point at which model pre-

dictions transition from clear class preference (> 75%votes
for one class) to significant inter-class confusion.



Figure 3 shows that proprietary models, partic-
ularly Claude-Opus-4 and GPT-40, exhibit both
higher numbers of zero-sensitivity samples and a
greater proportion of correct predictions, suggest-
ing a stronger alignment between stability and se-
mantic accuracy. In contrast, open-weight models
such as Aya-23-35B and Qwen-3-30B demonstrate
a larger share of consistently incorrect predictions,
indicating that stability alone does not guarantee
correctness. This pattern implies that certain mod-
els may internalize biases or spurious correlations
that yield confident yet systematically flawed rea-
soning. Overall, the analysis highlights a key lim-
itation of using prediction consistency as a proxy
for annotation reliability—while stability reflects
internal coherence, it must be interpreted in con-
junction with gold-standard alignment to assess the
true trustworthiness of LLM-based annotations
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Figure 3: Correct and incorrect predictions among zero-
sensitivity samples for each model (total dataset: 750
samples). Proprietary models achieve higher overall sta-
bility with fewer confident errors, whereas open-weight
exhibit a greater proportion of consistently incorrect
predictions.

3.3 Consistency (Class-Level)

This metric assesses whether a model generates
similar predictive behavior across different inputs
belonging to the same class. Unlike sensitivity,
which captures per-input-prompt variability, con-
sistency is defined over a set of inputs and reflects
the alignment of predictions across those inputs un-
der prompt variation (Errica et al., 2025). Formally,
let D. = {z1,z2,...,x,} be the subset of inputs

labeled with class ¢ in the gold dataset, and let
Py, € R¥ denote the empirical distribution over K
output classes predicted for input z; € D, across
multiple prompt variants. The Total Variation Dis-
tance (TVD) between two such distributions P,
and P;; is defined as:

=

TVD(P,,, Pr,) = = Y | Puy(k) = Poy(R)] (2)
k=1

N —

The consistency for class c is then calculated as:

2

T Y

Z TVD(P,,, Ps;) (3)

zi,x €D,

where n = |D,| is the number of examples with
gold label c. A higher consistency value (closer
to 1) indicates that the model produces more uni-
form predictions across examples of the same class,
while lower values suggest divergent or unstable
intra-class behavior.

Ideally, a consistent LLM produces similar out-
put distributions for inputs that share the same gold
label, even under minor prompt rephrasings. Con-
sistency therefore captures the extent to which a
model generalizes its predictive behavior within
a class across prompt variants. Importantly, con-
sistency can remain high even when a model ex-
hibits sensitivity to prompt variation; in such cases,
high consistency indicates systematic rather than
random errors, whereby similar inputs fail in simi-
lar ways across prompts. This structured behavior
makes errors predictable and amenable to targeted
prompt engineering, whereas low consistency re-
flects erratic intra-class behavior for which prompt
interventions are less likely to be effective.

Table 2 reveals distinct patterns in how different
models handle NLI task under prompt variation.
First, for the majority of models the lowest con-
sistency score is on the Neutral class, indicating
that many models are inconsistent in their predic-
tions across prompt variations. Second, the mod-
els exhibit significant specialization, with differ-
ent models excelling in different classes; no single
model leads in all three categories. Claude-Opus-4
and GPT-40 demonstrate the most balanced per-
formance across all classes, while others show a
pronounced strength in one or two classes at the
expense of the third.



Model Entailment Contradiction Neutral
Aya-23-35B 0.83 0.62 0.48
Qwen3-30B-A3B 0.76 0.71 0.45
LLaMA-3.3-70B 0.79 0.69 0.48
Claude-Opus-4 0.62 0.72 0.67
GPT-40-mini 0.62 0.79 0.47
GPT-40 0.56 0.78 0.64

Claude-opus-4 gy

e -

gpt-40-mini- 0.68 0.71

Table 2: Class-wise consistency scores (1 - TVD) across
models and NLI classes. Higher values indicate more
uniform within-class predictions. While all models
show the lowest consistency for Neutral, Claude-Opus-
4 and GPT-40 demonstrate the most balanced perfor-
mance across all three classes, whereas open-weight
models show pronounced specialization.

3.4 Inter-Model Agreement: Cohens Kappa
and Fleiss’ Kappa

Beyond individual model behavior, we addition-
ally examine inter-model agreement patterns to as-
sess whether different LLMs converge on consis-
tent annotations or exhibit systematic differences
in their interpretive frameworks. To quantify con-
sensus across different LLMs and prompt config-
urations, we used two established statistical mea-
sures of inter-annotator agreement. Cohen’s Kappa
assesses pairwise agreement between two raters,
while Fleiss” Kappa generalizes this framework to
multiple raters, both accounting for agreement ex-
pected by chance. In our experimental context,
these metrics transform our experimental setup
into a multi-annotator study, where each model-
prompt combination functions as an independent
rater. This approach allows us to measure whether
diverse LLMs converge toward a consistent inter-
pretive framework for NLI or exhibit fundamental
divergences in their reasoning. Figure 4 shows
pairwise Cohen’s Kappa scores across all prompt
variants, revealing significant variation in align-
ment between models, from strong agreement (e.g.,
Claude-GPT-40 at 0.79) to weak consensus (e.g.,
Aya-23-35B with other models).

Table 3 shows the Fleiss’ Kappa scores across
different models. To contextualize our model agree-
ment scores, we refer to the inter-annotator agree-
ment reported in the ParsiNLU annotation proce-
dure (Khashabi et al., 2021), where three human
annotators achieved a Fleiss’ Kappa of 0.77 on a
randomly selected subset of 150 examples. Pro-
prietary models consistently achieve higher Fleiss’
Kappa scores across most prompt conditions, with
particularly strong consensus (0.73). In contrast,
the open-weight model’s best agreement is 0.69.
The overall lower agreement when combining all
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Figure 4: Pairwise Cohen’s Kappa scores across all
prompt variants, indicating the degree of agreement
between model predictions. Claude-Opus4 and GPT-40
exhibit the highest agreement, while lower agreement is
observed between Aya-23 and the other models.

models underscores fundamental behavioral differ-
ences between architectural families, suggesting
that model diversity introduces substantial varia-
tion in NLI interpretation strategies. These findings
indicate that both model diversity and prompt de-
sign play critical roles in inter-model consistency,
highlighting the value of prompt sensitivity anal-
ysis when using ensembles or comparing model
outputs.
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All-Models

0.65 0.68 0.72 0.73 0.69 0.65 0.70 0.70
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Table 3: Inter-model agreement (Fleiss’ Kappa) across
prompt variants by model type. The overall lower agree-
ment for All-models reflects the behavioral diversity
between proprietary and open-weight systems.

3.5 Probing the Instabilities

A central question in evaluating LLMs as annota-
tors is whether observed instability reflects funda-
mental model limitations or inherent challenges in
the annotation task and data quality itself. While
NLI appears to demand objective logical reason-



ing, human language interpretation is inherently
influenced by context, pragmatics, and real-world
knowledge. This creates tension between seman-
tic and pragmatic inference. Given that, we iden-
tify the subset of examples exhibiting the high-
est prompt sensitivity. High-sensitivity cases are
defined as inputs for which a model’s predicted
label changes frequently across prompt variation.
We focused on instances where all evaluated mod-
els demonstrated high sensitivity, suggesting in-
herent ambiguity in the examples themselves. To
understand the decision mechanisms underlying
label predictions in high-sensitivity cases, we im-
plemented chain-of-thought prompting to make
models’ internal reasoning processes explicit. We
replicated the prompt variation experiments on this
subset, modifying the system prompts to include
"Explain your reasoning" instructions while
maintaining the same structural and linguistic vari-
ations. In the right column, we provide an example
of these subjective cases, illustrating how the same
model—when prompted differently—articulates di-
vergent yet logically sound interpretations of the
same premise-hypothesis pair, reflecting the inher-
ent subjectivity that also challenges human annota-
tion. This variation suggests that high-sensitivity
samples often reflect inherent ambiguity in the task
rather than random model error.

Finally, building on the earlier sensitivity anal-
yses, we conducted a manual review of the sub-
set of instances in which the Claude-Opus-4 (the
state-of-the-art model in our experiments) exhib-
ited non-zero sensitivity, resulting in a subset of
198 samples. To assess annotation reliability, we
compared the predictions on these samples with
the human-annotated gold labels. Out of the to-
tal, 97 cases showed disagreement between the
model and the gold annotations. Upon inspection,
the majority of these discrepancies were found to
stem from errors or weaknesses in the gold dataset,
rather than from model misclassification. Many
instances were either ambiguous, excessively short,
or lacking sufficient semantic content to support
an unambiguous inference decision. Such noisy
samples are removed or relabeled to create a clean
version of the dataset. Following this data clean-
ing procedure, we re-evaluated the accuracy of the
models using the refined dataset. By cleaning data,
we ensured that the evaluation was conducted on
a more reliable ground truth. Figure 5 shows the
corresponding results after noisy and ambiguous
samples were removed. The comparison between

Figure 1 and Figure 5 reveals a consistent improve-
ment across all evaluated models, with gains of
up to several percentage points depending on the
prompt variant.

Gold data sample

Premise: For many years, these things no longer
make me happy. Hypothesis: Celebrations and joy
are always good and pleasant, but now I am at an age
where very few things make me happy.

Gold Label: Entailment.

GPT-40-mini Reasoning

Prompt: original_elaborate_en

CoT Reasoning: Entailment. The premise states
that "for many years, these things no longer make
me happy," which implies a change in emotional re-
sponse to things that used to bring joy. The hypoth-
esis suggests that celebrations and joy are generally
good and pleasant, but the speaker is now at an age
where very few things make them happy. This aligns
with the premise, as it indicates a decrease in happi-
ness over time, supporting the idea presented in the
hypothesis.

Prompt: original_concise_en

CoT Reasoning: Neutral. The premise states that
the speaker has not been happy about certain things
for a long time, indicating a lack of joy or satisfac-
tion. The hypothesis suggests that celebrations and
joy are generally good and pleasant, but the speaker
is now at an age where very few things make them
happy. While both statements touch on the theme of
happiness, the premise does not directly support or
contradict the hypothesis. The hypothesis acknowl-
edges that joy exists but implies that the speaker’s
personal experience has changed, which aligns with
the premise but does not necessarily follow from it.
Prompt: reverse_concise_en

CoT Reasoning: Contradiction. The hypothesis
states that celebrations and joy are always good and
pleasant, but the speaker is currently at an age where
very few things make them happy. The premise
supports this by stating that for a long time, these
things no longer make the speaker happy. This
creates a contradiction because if celebrations and
joy are always good and pleasant, then it would
imply that they should still bring happiness, which is
not the case according to the premise. Therefore, the
two statements cannot both be true at the same time.

7

The improvement is particularly pronounced
for closed-source models such as Claude-Opus4
and GPT-4o0, which already demonstrated higher
baseline performance. These models benefit more
strongly from the removal of mislabeled and am-
biguous cases, suggesting that their predictions
were often correct but had been penalized by unre-
liable ground-truth annotations. By contrast, open-
weight models show smaller relative improvements.
The performance gap between original and cleaned



datasets should be interpreted as revealing which
model types are more affected by ambiguous anno-
tations, rather than as validation of absolute model
reliability.
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Figure 5: Accuracy comparison of six language mod-
els across eight prompt configurations on the refined
(cleaned) datasets. The consistent performance improve-
ment on the cleaned data suggests that a portion of the
observed performance drop on the original benchmark
is attributable to problematic or noisy gold labels, rather
than inherent model weakness.

4 Discussion

This study set out to answer a central question:
How reliable are large language models when
used as automatic annotators in low-resource set-
tings. The key insights, which we elaborate be-
low, demonstrate that while LLMs hold significant
promise, their dependable deployment requires a
nuanced understanding of their systematic failure
modes and behavioral instabilities.

Higher Reliability in Proprietary Models Our
results demonstrate a clear reliability hierarchy be-
tween model families. Proprietary models (Claude-
Opus-4, GPT-40) exhibited significantly greater
robustness, with lower sensitivity scores and better
alignment between prediction stability and correct-
ness (Figure 3). This suggests that their lower sen-
sitivity scores and better stability-accuracy align-
ment reflect fundamentally more reliable reasoning
patterns rather than mere scale advantages. For
practical deployment, this creates a cost-reliability
trade-off where proprietary models offer more re-
liable annotations despite their opacity and cost,
while open-weight models offer viable but noisier
alternatives.

Prompt Design as a Critical Reliability Fac-
tor The substantial impact of prompt formulation

on annotation quality directly addresses the repro-
ducibility concerns in using LLMs as annotators.
Most notably, we found that ordering (premise-
hypothesis sequence) induced significantly greater
prediction volatility than language choice or in-
struction style in terms of sensitivity. We hypothe-
size that the reduced labeling performance under re-
verse ordering is rooted in model training practices,
particularly the consistent exposure to sequences
where the premise precedes the hypothesis.
However, language choice still influences overall
accuracy-as indicated in our grouped analyses by
prompt language and style (Figure 1), suggesting
that while structural consistency supports reliabil-
ity, linguistic formulation continues to play a role
in final performance.

The Neutral Class as a Reliability Frontier
Across all models and metrics, the Neutral class
emerged as the primary reliability challenge, ex-
hibiting the lowest consistency scores (Table 2).
This pattern suggests that current LLMs struggle
with the pragmatic reasoning required for partial en-
tailment detection as well as with the inherent am-
biguity of the Neutral category itself. The low con-
sistency suggests that models struggle with the con-
textual inferences and world knowledge required
for partial entailment judgments. This implies that
Neutral classifications should be treated as lower-
confidence predictions requiring additional verifi-
cation in annotation workflows.

Benchmark Quality as a Hidden Reliability Vari-
able Our analysis revealed that approximately
49% of high-sensitivity cases involved questionable
gold labels or inherent ambiguities. After cleaning
the dataset, we observed consistent performance
improvements across all models (Figure 5), with
proprietary models benefiting most significantly.
This suggests that what appears as model instabil-
ity may sometimes reflect legitimate disagreement
with problematic annotations. Rather than treat-
ing this refined dataset as a purer ground truth, we
view it as a diagnostic subset that highlights the
impact of benchmark uncertainty on evaluation.
The observed improvements should therefore be
interpreted as upper bounds under reduced anno-
tation noise, not as absolute indicators of model
competence. However, analysis of models reason-
ing on high-sensitive samples reveals that LLMs
are not merely relying on surface-level heuristics
but are capable of accessing different, and of-
ten equally valid, reasoning paths. Our chain-of-



thought analysis demonstrates that the same model,
when provided with different prompts, can articu-
late distinct yet logically sound interpretations for
the same premise-hypothesis pair. This variabil-
ity is not inherently a sign of model failure, but
rather an indication that the NLI task itself con-
tains genuine subjectivity-mirroring the interpre-
tive disagreements observed among human annota-
tors. The fact that models can be steered towards
these different valid interpretations through prompt
engineering suggests that their "instability" in these
cases is better understood as contextual reasoning
flexibility. Overall, these findings highlight the
importance of rigorous dataset curation in bench-
marking LLMs. This concern is compounded by
prior work (Jiang et al., 2023; Plank, 2022), where
human label variation arises from legitimate differ-
ences in interpretation, suggesting that some gold
labels may not fully represent the spectrum of valid
judgments. This observation calls for a more nu-
anced approach to evaluating model performance,
particularly in low-resource settings where bench-
mark quality and consistency have an outsized im-
pact on evaluation.

5 Conclusion

In this paper, we presented a comprehensive anal-
ysis of the reliability of LLMs as annotators for
the NLI task in Farsi. The findings underscore
the critical dependence of annotation reliability on
prompt formulation, model families, and linguistic
nuances. Collectively, these interpretations demon-
strate that LLM reliability is not merely a function
of model capability but emerges from the com-
plex interaction between model development, task
formulation, and benchmark quality-necessitating
holistic approaches to deploying LLLMs as annota-
tors in low-resource contexts. In future work we
will explore the effect of LLM annotators on the
downstream task.

6 Limitations

While this study offers a detailed investigation into
the reliability of LLMs as annotators for Farsi NLI,
several limitations should be acknowledged. First,
this study is limited to Farsi and the ParsiNLU
dataset, which restricts the generalizability of find-
ings to other low-resource languages, tasks, or an-
notation domains. Second, while our prompt vari-
ations are systematic, they do not encompass all
possible prompt formulations—such as few-shot

examples, chain-of-thought variations, or domain-
specific instructions—which could further affect
model stability and reliability. Third, we can-
not rule out data contamination, as ParsiNLU has
been public since 2021. While observed prompt
sensitivity suggests genuine reasoning rather than
memorization, partial exposure could inflate ab-
solute performance metrics. Finally, the analysis
does not assess the downstream impact of using
LLM-generated labels for training or evaluating
other models, leaving open questions about how
annotation-level instabilities propagate in practical
applications.
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