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Summary

This thesis addresses the challenge of data scarcity in low-resource languages by leverag-
ing the dual role of Large Language Models (LLMs) to both generate and annotate data.
We evaluate the reliability of LLM-based annotations and examine the effectiveness of
LLM-generated synthetic data in improving downstream task performance. This research
uses the Natural Language Inference (NLI) task in Farsi as its case study. Our approach
involves benchmarking both open-weight and closed-source LLMs on a gold-standard
dataset, developing an LLM-driven pipeline to generate labeled premise-hypothesis pairs,
and training mT5 models to measure performance gains. Further experiments were con-
ducted with various LLM annotators to analyze how annotation quality affects model
outcomes.

The results reveal key insights. First, synthetic data substantially improves model
performance, particularly under sequential training regimes, confirming its effectiveness
as a strategy for data augmentation in low-resource settings. Second, the quality of anno-
tations plays a decisive role in downstream outcomes—higher-quality labels consistently
lead to greater accuracy and robustness. Finally, the reliability of an LLM as an annota-
tor emerges as a multifaceted property, shaped by factors including model architecture,
prompt design, and the inherent complexity of the task itself.

These findings show that while LLM-generated synthetic data can mitigate data
scarcity issues, annotation quality remains a critical factor influencing model performance.
The thesis contributes insights into optimizing annotation pipelines and synthetic data
utility for low-resource NLP, with implications for multilingual model training strategies.
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1
Introduction

1.1 Motivation

The recent rise in the capabilities of Large Language Models (LLMs) has led to their
widespread use in high-resource languages. This growth has motivated efforts to extend
their use to low-resource languages. These models’ success depends on access to mas-
sive, high-quality datasets with billions of tokens [63, 53] and substantial computational
resources. The need for large-scale data has created a barrier: the benefits of LLMs
remain concentrated in high-resource languages, especially English. Most existing foun-
dation models are trained predominantly on English and a few major languages, leaving
hundreds of languages underrepresented or entirely excluded [61]. This linguistic imbal-
ance creates a digital divide in AI accessibility and performance, limiting the usefulness
of these technologies for low-resource language speakers [94, 98, 116]. While LLMs can
generalize to some extent via few-shot or in-context learning, their accuracy and relia-
bility remain limited without fine-tuning on task-specific gold-standard datasets. This
limitation is particularly evident in low-resource languages, where even advanced mod-
els such as GPT-4 exhibit substantially stronger performance in English than in these
languages [95, 71]. While recent proprietary models from providers such as OpenAI and
Anthropic have improved multilingual performance, their high cost and restricted access
pose challenges for widespread adoption and reproducibility. In contrast, open-weight
models offer greater accessibility but often lag in performance for low-resource languages.
Additionally, the high computational cost, latency, and resource requirements of deploy-
ing general-purpose LLMs motivate the development of smaller specialized models that
are fine-tuned on curated labeled datasets. Hence, data for fine-tuning and adaptation
remains crucial for the use of LLMs beyond dominant languages.

Although researchers have developed human-curated datasets for fine-tuning in many
languages [127], creating new datasets remains particularly expensive and time-consuming
for languages with limited annotator availability. These constraints prevent effective
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scaling of dataset size, creating a bottleneck for multilingual model development. To
address this limitation, translation has been widely adopted. Many multilingual datasets,
such as XNLI, XQuAD, and MASSIVE [25, 10, 32], are derived from translations of
established English datasets. While these resources provide valuable benchmarks, they
often introduce artifacts that do not reflect authentic language use in the target languages.
This can lead to inflated model performance estimates and limited generalizability in real-
world, native contexts [9, 18].

Recent advances in LLMs open a new avenue for scalable and human-like data creation.
Beyond their capacity to solve tasks, LLMs have increasingly been employed as tools
for creating and labeling data [132, 77, 82]. However, ensuring the quality of synthetic
data remains a critical challenge. LLMs may produce hallucinations, inconsistencies,
or factual errors [80, 75, 131], which increases the need for human evaluation and thus
hinders scalability. To address this limitation, researchers have explored the use of LLMs
as automatic evaluators, or LLM-as-a-judge [157, 78, 74]. In this framework, one or
more LLMs are tasked with assessing the quality, correctness, or preference ranking of
generated outputs, enabling faster and more reproducible evaluation pipelines. However,
the reliability of LLMs as alternatives to human annotators remains an open question
due to issues such as sensitivity to prompt variations, biases inherited from training data,
weaker performance on low-resource languages, difficulties with subjective or nuanced
tasks, inconsistent annotation formats, and the risk of propagating errors that may affect
downstream analyses [100].

Given these limitations, data generated and annotated by LLMs can contain noise, in-
consistencies, and systematic errors. While prior research in machine learning [14] shows
that weak or noisy supervision can still improve performance in low-data regimes, it re-
mains unclear whether this principle holds when the supervising model itself performs
poorly in the target language. This thesis examines whether the generation and annota-
tion capabilities of LLMs—despite their limitations—can provide sufficiently informative
training signals in data-scarce settings and under what conditions synthetic data con-
tributes positively to model performance. To this end, the thesis develops a scalable,
reliable data-generation pipeline that integrates LLM-based generation and annotation.
To evaluate the effectiveness of the pipeline, this thesis specifically focuses on the Natural
Language Inference (NLI) task—the task of determining whether a hypothesis is entailed
by, contradicted by, or neither supported nor contradicted by a premise—as a foun-
dational task of semantic understanding [23, 26]. Data scarcity is particularly acute for
NLI, where data creation and annotation require fine-grained linguistic judgment [46, 99].
Farsi, spoken by over 110 million people, highlights the scale of this gap: the largest avail-
able Farsi NLI dataset contains only around 10,000 examples [8, 66], compared to 570,000
examples for English SNLI [15]. The resulting digital divide limits the applicability of
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NLP advances to speakers of low-resource languages.
While there is a growing body of research on AI-powered synthetic data generation

to address the data scarcity bottleneck, the area is underexplored for low-resource lan-
guages such as Farsi (Persian). Farsi presents a unique combination of linguistic and
orthographic characteristics that distinguish it from many well-studied languages. While
it uses a script derived from Arabic, Farsi is, in fact, an Indo-European language [85].
By focusing on Farsi, this research contributes to linguistic inclusivity and advances the
understanding of how synthetic and LLM-labeled data can improve NLP systems in un-
derrepresented languages. The next section outlines the specific research problem and
objectives that this thesis seeks to address.

1.2 Research Questions
The primary goal of this thesis is to examine the role of LLMs in synthetic data generation
and annotation, specifically within low-resource language scenarios. To achieve this, the
following research questions are posed:

RQ1: How reliable are LLMs when used as automatic annotators in Farsi
NLI?

This research question evaluates the reliability and robustness of LLMs when em-
ployed as automatic annotators in low-resource language contexts. Although LLMs can
generate labeled data with minimal human input, their annotations often vary depending
on prompt formulation, language choice, and model family. Understanding the extent
of this sensitivity and identifying stable, reproducible annotation settings is critical for
using LLMs as dependable labeling tools.

RQ2: Can an LLM-based process generate synthetic data that improves the
performance of NLP models on the NLI task in Farsi? This research question as-
sesses the effectiveness of synthetic data generated and labeled by LLMs as a complement
to, or potential alternative for, limited human-annotated datasets. Current multilingual
models show limited generalization when trained on small human-curated corpora. A sys-
tematic evaluation of a synthetic data pipeline that integrates generation and labeling is
necessary to determine whether automatically generated data can meaningfully enhance
NLI performance in Farsi.

RQ3: To what extent does the annotation quality of the LLM labeler affect
downstream NLI task performance? This research question examines the relation-
ship between the labeling quality of LLM annotators and the utility of the resulting syn-
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thetic data for downstream model training. Prior work on self-training and co-training
has demonstrated that noisy labels can improve downstream performance under certain
conditions, such as when label noise is random rather than systematic, when sufficient
data volume is available, or when it is combined with small amounts of clean data [14].
However, the quantitative relationship between LLM labeling reliability and downstream
gains remains underexplored. By systematically varying prompt configurations across
best, worst, random, and ensemble settings, this thesis quantifies how annotation reli-
ability translates into downstream performance gains, revealing the practical trade-offs
between labeling cost and model utility.

1.3 Thesis Overview

This thesis comprises six chapters structured around two interrelated threads: (i) the
evaluation of LLMs as annotators and (ii) the generation of synthetic training data using
LLMs. Below is a brief overview of each chapter:

Chapter 2 reviews the prior research on large language models, emphasizing the per-
sistent limitations faced by low-resource languages. It situates recent developments in
LLM-driven synthetic data generation and annotation within this landscape. Finally, it
positions NLI as a downstream-task case study.

Chapter 3 addresses RQ1 by evaluating the reliability of LLMs as annotators of the
NLI task in Farsi. Using a diverse set of open and proprietary models across multiple
prompt variations, we analyze the zero-shot performance of LLMs along several dimen-
sions: consistency, sensitivity, overall annotation accuracy, and per-class classification
patterns in comparison to human labels.

Chapter 4 addresses RQ2 and introduces a modular pipeline that generates synthetic
data for the NLI task in Farsi. The pipeline consists of a generative stage and an eval-
uative stage, where a model assigns NLI labels. The generated synthetic data is used
together with the gold-standard dataset to train models under three different training
regimes: (1) fine-tuning solely on the synthetic dataset; (2) fine-tuning on a merged set
of synthetic and gold-standard data; and (3) warming up the model on synthetic data
followed by further fine-tuning on the gold data.

Chapter 5 addresses RQ3 by exploring whether differences in annotator quality trans-
late into differences in downstream performance for student models trained on synthetic
data. To this end, datasets labeled by LLMs under best, worst, and random label configu-
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rations are systematically compared, and ensemble labeling strategies combining multiple
prompts or models are additionally explored. Each labeled dataset is used to fine-tune
the same NLI model, enabling a controlled comparison of downstream performance rel-
ative to labeling quality. The chapter further analyzes the correlation between prompt
accuracy and label agreement with ensemble outputs, assessing how annotation reliability
translates into downstream-task performance.

Chapter 6 concludes the thesis by discussing its contributions, limitations, and poten-
tial future work for LLM-based data generation in low-resource language scenarios.

1.4 Contributions
This thesis makes the following contributions:

• It introduces a modular pipeline for large-scale synthetic NLI data generation and
annotation in Farsi, enabling scalable training data generation for low-resource NLP
tasks.

• It presents an in-depth behavioral study of LLMs as annotators for NLI, system-
atically evaluating the impact of prompt phrasing, language selection, and model
family.

• It provides a comprehensive evaluation of robustness and agreement metrics and
explores ensemble strategies to enhance annotation reliability in Farsi NLI.

• It quantifies the relationship between annotation quality and downstream model
performance.

Parts of the work presented in this thesis have been published in the following peer-
reviewed venue:

• Panahi, S., Kelleher, J., & Nedumpozhimana, V. SynthLLM: An LLM-based Scal-
able Synthetic Data Generation Pipeline for Natural Language Inference in Farsi.
LREC, 2026 (Corresponds to Chapter 4.)

Overall, this thesis demonstrates that LLMs offer a promising approach to addressing
data scarcity in low-resource languages such as Farsi. The results show that synthetic
data generated and labeled by LLMs can considerably enhance the performance of down-
stream NLP models, particularly when used in a sequential training regime (synthetic
pre-training followed by gold fine-tuning). However, this potential is tempered by several
key sensitivities: LLM performance is highly dependent on prompt design, model family,
and the inherent subjectivity of tasks such as NLI. While the findings confirm established
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principles of semi-supervised learning—namely, that label quality is critical and that en-
semble methods improve reliability—this thesis’s contribution lies in quantifying these
relationships specifically for LLM-based synthetic data generation.
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2
Background and Related Work

This chapter introduces the background and related work, highlighting the open problems
that motivate the thesis.

2.1 The Linguistic Divide in NLP: From Multilingual Models to
General-Purpose LLMs

The concentration of NLP resources in high-resource languages has created a digital divide
in language technology. Multilingual language models were developed to extend language
technology to a broader range of the world’s languages. Models such as mBERT, XLM-R,
mBART, mT5, BLOOM, and XGLM [152, 24, 81, 155, 151, 79] have been pre-trained
on over 100 languages simultaneously and are widely used for NLP tasks in low-resource
languages [107]. However, spreading fixed model capacity across many languages creates
a trade-off known as the curse of multilinguality: adding more languages tends to degrade
per-language representation quality, particularly for low-resource ones [24]. Moreover, the
training data of these models remains heavily skewed toward a few dominant languages.
As a result, performance on low-resource languages often lags behind that of high-resource
ones, frequently necessitating task-specific fine-tuning to close this gap [73, 7]. The emer-
gence of general-purpose, decoder-only large language models with billions of parameters,
such as GPT-3 [16], has led the NLP community to shift its focus from task-specific
fine-tuning toward prompt engineering. In prompt-based approaches, pre-trained LLMs
are prompted using either task instructions alone—known as zero-shot prompting—or
task instructions paired with demonstrations—known as few-shot prompting—to per-
form downstream tasks without any parameter updates. During post-training, these
models are trained via supervised fine-tuning (SFT) on instruction-response pairs. After
instruction tuning, LLMs have demonstrated a remarkable ability to generalize to un-
seen tasks [117, 146, 21]. Extending this paradigm to multilingual settings, models such
as mT0, BLOOMz, and Aya represent explicitly multilingual instruction-tuned variants,
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fine-tuned on multilingual task mixtures designed to support zero-shot transfer across a
broad range of languages [91, 137]. Beyond instruction tuning, models are further aligned
with human preferences and intentions through preference-optimization methods. This
alignment stage has evolved from reinforcement learning from human feedback (RLHF)
toward more efficient methods such as Direct Preference Optimization (DPO), and more
recently, toward reinforcement learning with verifiable rewards such as Group Relative
Policy Optimization (GRPO) [70, 108, 126]. These techniques underpin many of today’s
most capable models.

Despite advances in multilingual pre-training, model scaling, and instruction tuning,
both multilingual pre-trained models and general-purpose LLMs remain inherently de-
pendent on the availability of training data. Multilinguality, scaling, and prompt-based
generalization do not resolve the fundamental bottleneck: the scarcity of labeled data in
low-resource languages.

2.2 From Human to LLM-based Annotation
Supervised NLP systems depend on annotated data, yet producing high-quality anno-
tations at scale remains one of the most persistent bottlenecks in the field. Manual
annotation—whether carried out by domain experts or crowd workers—is expensive,
time-consuming, and challenging to scale [105, 128]. Even with careful guidelines, inter-
annotator agreement on tasks requiring semantic judgment is often moderate at best,
because annotators bring different linguistic intuitions and background knowledge to
it [11, 118, 38]. These difficulties are compounded for low-resource languages, where
qualified annotators are scarce, crowdsourcing platforms offer limited language coverage,
and the cultural assumptions embedded in annotation guidelines—typically designed for
English—may not transfer to other languages [61]. As a result, the NLP community has
pursued a succession of strategies to reduce dependence on manual annotation, progressing
broadly from translation-based projection and surface-level data augmentation, through
weak supervision, to the most recent paradigm of LLM-based annotation generation.

Translation-based projection. One of the earliest and most widespread responses to
data scarcity in non-English languages has been to translate existing English datasets,
either automatically or via professional translators. This strategy underlies many widely
used multilingual benchmarks: XNLI, XQuAD, and XCOPA [25, 10, 103] were all con-
structed by translating English source data. While this approach is efficient and enables
rapid cross-lingual coverage, it introduces systematic biases. Translated text retains the
syntactic patterns and lexical choices of the source language—a phenomenon known as
translationese. This artificially inflates evaluation scores for models trained on similar
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translated data without reflecting genuine target-language competence [9]. Moreover, cul-
tural assumptions embedded in the original English data —such as Western-centric com-
monsense or crowd-annotator biases—propagate into the translated datasets unchanged
[118]. Most importantly for classification tasks, label fidelity can degrade during transla-
tion: entailment relations that depend on pragmatic implicature, cultural knowledge, or
language-specific constructions may not survive the translation process intact [103]. For
NLI specifically, this is an important concern: a premise–hypothesis pair that encodes
Entailment in English may shift to Neutral or Contradiction once translated if the infer-
ence relies on language-specific lexical semantics or cultural world knowledge that does
not carry over to the target language.

Data augmentation and weak supervision. A range of techniques has been pro-
posed to maximize the utility of limited labeled data. Surface-level data augmentation
applies transformations such as synonym replacement, random insertion and deletion, and
back-translation paraphrasing to existing examples, generating new training instances
without additional human annotation [148, 122]. While effective for increasing volume,
these methods produce examples that remain distributionally close to the originals, offer-
ing limited lexical and syntactic diversity and rarely introducing genuinely novel linguis-
tic patterns. A related line of work uses heuristic or programmatic labeling—often called
weak supervision—to generate large quantities of noisy labeled data from rules, knowledge
bases, or pattern-matching functions [112]. These approaches can scale efficiently, but
the resulting labels tend to be noisy and domain-specific, and their effectiveness depends
heavily on the availability of appropriate knowledge sources—which are often limited
for low-resource languages. Self-training and co-training extend this idea by leveraging
automatically generated pseudo-labels to expand the training set. Self-training [153] it-
eratively augments the labeled data using a model’s own high-confidence predictions,
while co-training [14] trains two models on complementary feature views, each providing
pseudo-labels for unlabeled data used by the other. These methods demonstrate that
noisy or automatically generated labels can improve downstream performance, provided
the label noise is sufficiently random rather than systematic; systematic noise, by contrast,
reinforces consistent errors.

Heuristic dataset construction. Beyond translation and augmentation, several heuris-
tic and semi-automatic methods have been used to create training resources [48, 43, 67].
For example, summarization corpora such as XLSum [48] were built by automatically
pairing news articles with their summaries. However, quality varies sharply across lan-
guages: in Farsi, only 49% of XLSum summaries were judged factually consistent with
their source texts [4], highlighting the limitations of automated pipelines applied uniformly
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across diverse languages.

LLM-based data generation and annotation. The emergence of instruction-tuned
LLMs has enabled a qualitatively different approach to dataset creation. Unlike the
methods described above, which transform, perturb, or heuristically label existing text,
LLMs can generate new text conditioned on task-specific instructions and assign labels to
it in the same pipeline. Two distinct uses of LLMs have emerged within this paradigm,
and it is important to separate them because they introduce different failure modes.
The first is LLM as generator: using a model to produce new training examples from
scratch. Wang et al. [144] introduced Self-Instruct, a bootstrapping procedure in
which a language model generates its own instruction-response pairs, which are then
filtered and used for fine-tuning. Taori et al. [132] applied this approach to distill GPT-3.5
outputs into a smaller Llama model, demonstrating that a modest set of LLM-generated
instructions could produce a competitive instruction-following model at a fraction of the
cost. Subsequent work extended generation to domain-specific settings: Gunasekar et
al. [45] showed that curated synthetic textbook-style data could train a small model
to achieve strong coding performance, while Honovich et al. [54] generated diverse task
instructions at scale to broaden coverage beyond manually curated datasets. The second
is LLM as annotator: using a model to assign labels to existing or generated data. Gilardi
et al. [40] compared GPT-4 against trained crowd workers across several classification
tasks and found that GPT-4 matched or exceeded crowd-worker agreement on most tasks,
at substantially lower cost. He et al. [51] formalized this into AnnoLLM, a framework
for using LLMs as annotation assistants with structured prompting.

In practice, the two roles—generation and annotation—are often combined. This
combination can be understood as a form of knowledge distillation, in which a capable
teacher model produces supervision signals that are used to train a smaller student model
[154, 62]. Gekhman et al. [37] demonstrated this approach concretely. They used an
LLM to annotate model-generated summaries for factual consistency, producing synthetic
training data (TrueTeacher) that outperformed rule-based perturbation of human-written
text. Several recent surveys provide broader coverage of this rapidly growing area [138,
131].

2.3 Challenges and Limitations of LLM-based Data Synthesis
While LLM-based data synthesis offers clear advantages in cost and scalability, the ap-
proach introduces reliability concerns at both stages of the pipeline: data generation and
annotation. Crucially, these concerns are not independent: noise introduced during gen-
eration is inherited and potentially amplified during annotation, and both are exacerbated
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when the target language is underrepresented in the model’s pre-training data [131, 80].
These concerns can be broadly categorized into systematic biases, methodological insta-
bilities, task-specific constraints, and low-resource language challenges:

Generation quality and distributional bias. When LLMs are used to generate
training text, the resulting data reflects the model’s pre-training distribution rather than
the true distribution of the target language or domain. Two failure modes are particularly
consequential for downstream training quality. First, hallucination: LLMs can produce
text that is fluent and coherent on the surface but factually incorrect or semantically
flawed. This problem is well-documented for summarization and question answering [59,
86] and extends to any generative data pipeline. Second, distributional narrowness: LLM-
generated text can exhibit limited diversity, with repeated or homogeneous examples
arising from fixed prompts and a small pool of in-context demonstrations [76]. Such
homogeneity undermines the effectiveness of synthetic training data, especially for tasks
such as sentiment analysis or natural language inference, where robustness to diverse
registers and writing styles is essential.

Methodological Instability. LLM responses are highly sensitive to minor changes in
prompt phrasing, formatting, and exemplar selection [121, 82]. As a result, a prompt that
yields high agreement with human judges in one formulation can produce substantially
degraded performance when paraphrased, even if the intended meaning is preserved. Be-
yond format, the ordering of information within a prompt has also been shown to alter
model reasoning: Chen et al. [19] demonstrated that reversing the order of premises
in reasoning tasks changed model predictions substantially, and Guan et al. [44] doc-
umented similar order effects across diverse reasoning tasks. This sensitivity extends
to decoding parameters such as temperature and top-p sampling, which can introduce
unwanted randomness into annotation tasks where consistency and reproducibility are
expected. This instability is further compounded in multilingual settings, where prompt
language and translation strategy have been shown to affect performance substantially:
Mondshine et al. [90] found that prompting in the target language versus English yields
different results, while Gan et al. [36] showed that language-specific prompt templates
produce inconsistent behavior across typologically diverse languages, suggesting the effect
is not limited to language choice alone. This instability necessitates a systematic inves-
tigation into which prompting and configuration strategies can yield stable, reproducible
annotations for low-resource languages.

Task complexity and systematic biases. Beyond prompt sensitivity, task complex-
ity and systematic biases introduce further reliability concerns. On relatively straight-

11



2.4. FARSI NLP

forward classification tasks—such as topic labeling and sentiment detection—LLMs can
achieve annotation quality comparable to, or in some cases exceeding, that of crowd work-
ers [40, 47]. However, performance degrades markedly on tasks that require pragmatic
reasoning, world knowledge, or the resolution of genuine ambiguity [89, 17, 141].  Beyond
task difficulty, LLMs are prone to adopting shallow heuristics. For example, models may
rely on lexical overlap, tending to predict entailment when the premise and hypothesis
share substantial surface-level vocabulary [87]. They may also exhibit veridicality biases,
whereby models tend to assume that certain linguistic contexts are veridical even when
such inferences are not warranted by the text [114]. Models can also exhibit positional
bias, prioritizing items based on their position within a given prompt rather than their
content [119]. For annotation tasks, these biases are especially concerning because they
can generate systematic rather than random errors. Such annotation noise can negatively
affect the generalization performance of downstream models [129].

The Low-Resource Disadvantage. The limitations described above are not merely
replicated but amplified in low-resource settings. LLMs are generally weaker in low-
resource languages due to an imbalance in pre-training data [35, 58, 149]. This creates a
double bind: the communities most in need of scalable annotation solutions are those for
whom the current technology is least reliable.

Surveys and empirical studies consistently synthesize these axes, concluding that the
reliability of LLMs as annotators is profoundly task- and setup-dependent, calling for
standardized protocols and benchmarks for using LLM-as-annotator, along with careful
implementation and awareness of their limitations [136, 20, 74, 78, 131]. The relevant
research question is no longer whether LLMs can replace human annotators, but where
and how they can be used reliably.

2.4 Farsi NLP

2.4.1 Linguistic Challenges

Farsi (also referred to as Persian) is spoken by more than 110 million people across Iran,
Afghanistan (as Dari), and Tajikistan (as Tajik). From a typological standpoint, Farsi sits
at an interesting intersection. Linguistically, it belongs to the Indo-European family—
a branch that is grammatically distant from Semitic languages—yet it is written in a
modified Arabic script and absorbs a large proportion of its vocabulary from Arabic [85].
Farsi presents a distinct combination of properties that compound the difficulties faced
by NLP systems designed primarily for English and other high-resource languages. First,
Farsi is written right-to-left in a modified Perso-Arabic script with no capitalization, po-
sitional glyph variants, and unwritten short vowels—meaning a single written form can
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correspond to multiple spoken words with distinct meanings. The zero-width non-joiner
(ZWNJ) character, used to separate morphemes without a visible space, is inconsistently
applied in real corpora, routinely corrupting tokenization pipelines [106]. These script-
level properties interact poorly with subword tokenizers such as BPE [123] and Sentence-
Piece [69], which are trained predominantly on Latin-script data and over-segment Farsi
words relative to English. As shown in Figure 2.1, a semantically equivalent Farsi sen-
tence is tokenized into 29 subword tokens compared to 16 for its English counterparta.
Crucially, this over-segmentation is not merely a matter of computational cost or sequence
length—it carries a semantic cost. When a morphologically coherent unit in Farsi, such
as an inflected verb or a suffixed noun, is split into several subword fragments, each frag-
ment, in isolation, encodes only partial morphological information, and the model must
reconstruct the intended meaning from pieces that may be severely underrepresented in
the training data. In low-resource settings, where such combinations are already rare,
this fragmentation amplifies token-level data sparsity, ultimately degrading the model’s
ability to form coherent semantic representations [115, 5].

Figure 2.1: Tokenization comparison of semantically equivalent English and Farsi text.
The English sentence consists of 16 tokens, while the Farsi (right-to-left) sentence yields
29 tokens, highlighting differences in script and tokenization behavior across languages.

At the morphological level, Farsi is highly inflected: verbs inflect for person, number,
tense, aspect, and mood; nouns carry possessive, plural, and object-marking suffixes.

ahttps://platform.openai.com/tokenizer
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A single lemma may surface in dozens of morphologically distinct forms, resulting in
severe vocabulary sparsity on small corpora and limiting cross-inflection generalization [1].
Structurally, Farsi follows a subject–object–verb base order, though constituent ordering
is relatively free due to its reliance on morphological case and agreement cues rather than
positional syntax. Cross-lingual transfer has been shown to degrade when source and
target languages differ in basic word order, as positional heuristics implicitly learned from
English pre-training data—such as expecting the verb between subject and object—do not
transfer to SOV languages [6]. For NLI in particular, where Entailment and Contradiction
often hinge on exactly who is doing what to whom, such structural mismatches can
cause models to misattribute thematic roles, systematically misleading Entailment and
Contradiction judgments.

At the lexical level, Farsi draws heavily on Arabic in formal registers [101]. This lexical
heterogeneity makes it challenging for NLP systems to perform tasks such as tokeniza-
tion, part-of-speech tagging, and word-sense disambiguation, as models must distinguish
between native Persian, Arabic-derived stems, and foreign borrowings [125].

2.4.2 Farsi as a Representative of Low-Resource Languages

The term low-resource in NLP typically denotes a language for which publicly available
annotated data is substantially scarcer than for English, often by one or more orders of
magnitude depending on the task. Farsi has over 1 million Wikipedia articlesb and has
been classified as a language with a strong web presence but insufficient efforts in labeled
data collection, placing it in an intermediate tier between high-resource and severely
low-resource languages. Despite these resources, research on subjective tasks in Farsi
remains notably scarce, making it a low-resource language in this domain [113]. Table 2.1
summarizes the existing Farsi datasets, including both natively developed corpora and
those produced via translation.

To illustrate the disparity, the largest Farsi NLI dataset (FarsTail) contains fewer than
10,000 examples [8], compared with 570,000 for English SNLI [15]. FarsiQuAD is a no-
table exception: with approximately 145,000 question–answer pairs [34], approaching the
scale of English SQuAD 2.0’s 150,000 questions [110]. Machine translation has benefited
from sustained parallel corpus curation, though quality remains uneven across domains
and registers. Pre-training data for multilingual models reflects the same disparity: for
example, the mC4 dataset contains approximately 365 million rows for English but only
54 million for Farsi, meaning that multilingual models receive substantially less exposure
to Farsi linguistic patterns during pre-training, with direct consequences for downstream
task performance [155].

bhttps://en.wikipedia.org/wiki/Persian_Wikipedia
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Dataset Task Size Type Year Ref

Monolingual Farsi — Natural Language Inference
ParsiNLU (NLI) NLI ∼2.7k Native / Trans. 2021 [66]
FarsTail NLI 10k Native (semi) 2023 [8]

Monolingual Farsi — Question Answering
ParsiNLU (QA) QA / RC ∼14.5k Native 2021 [66]
PQuAD Extractive QA ∼80k Native (Wiki) 2023 [27]
PersianQA Extractive QA ∼9k Translated 2021 [13]
FarsiQuAD Extractive QA ∼145k Native (Wiki) 2024 [34]

Monolingual Farsi — Sentiment & Emotion
SentiPers Sentiment ∼15.5k Native (reviews) 2018 [56]
SnappFood Sentiment ∼70k Native (reviews) 2020 [134]

Monolingual Farsi — Named Entity Recognition
ARMAN NER 250k tok / 7.7k sent Native (news) 2018 [104]
Peyma NER ∼302k tok Native (web) 2018 [124]
ParsTwiNER NER ∼17k tweets Native (Twitter) 2021 [3]

Monolingual Farsi—Summarization & MT
XL-Sum Summarization ∼94k Native (BBC) 2021 [48]
MIZAN MT (FA–EN) ∼1M Parallel 2016 [64]

Multilingual (Farsi subset)
mC4 LM pre-train ∼52B tok Web crawl 2021 [155]
MASSIVE NLU ∼19.5k Translated 2022 [32]

Table 2.1: Overview of Farsi NLP datasets. "Type" indicates whether data is natively
authored or derived via translation/crawling.

While recent benchmarking initiatives have begun to establish evaluation standards
for Farsi—ParsiNLU [66] for general NLU, ParsBench [97] for LLM evaluation, and the
Khayyam Challenge (PersianMMLU) [39] for culturally grounded QA—Farsi lacks the
recurring shared tasks and community-driven annotation efforts that have driven rapid
progress in English NLP. This combination of limited labeled data, underdeveloped eval-
uation infrastructure, and typological distance from English makes Farsi a particularly
informative case study for investigating synthetic data generation methods.

2.4.3 State of the Art Across Farsi NLP Tasks

As of the time of writing, the strongest results on Farsi NLP tasks are consistently achieved
by fine-tuning multilingual pre-trained models on the available task-specific data. A con-
sistent pattern emerges across tasks: On tasks with larger, more objectively annotated
datasets, performance is strong: sentiment classification on SnappFood and SentiPers
reaches F1 scores above 85% with ParsBERT [30], NER on the ARMAN and Peyma
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corpora achieves comparable results with XLM-RoBERTa [130], and PQuAD supports
competitive extractive question answering with fine-tuned transformer models (74.8%
EM / 87.6% F1) [27]. However, for tasks requiring reasoning over sentence pairs, per-
formance lags substantially. The best reported accuracies on FarsTail and ParsiNLU are
significantly lower than those in English, reflecting both smaller training sets and the
compounding effects of the linguistic challenges described above. Recent work on Farsi
stance detection provides further evidence of this challenge. Zarharan et al. [156] intro-
duce FarExStance, a large-scale explainable stance-detection dataset containing 26,307
instances with stance labels and sentence-level evidence. Despite evaluating both fine-
tuned multilingual models and recent LLMs, the highest reported LLM accuracy is 79.8%,
roughly matching estimated human performance of 79.2%— yet both fall short of the ceil-
ing, indicating that a substantial portion of cases remain challenging even for humans.
Recent evaluations of general-purpose LLMs confirm this gap: GPT-4 underperforms on
tasks requiring nuanced semantic judgment in Farsi [2].

2.5 Natural Language Inference
Having established the resource constraints that characterize Farsi NLP, we now turn to
the specific task that motivates this thesis: natural language inference. NLI, originally
framed as recognizing textual entailment [26], is a pairwise classification task where the
model predicts whether a premise p entails, contradicts, or is neutral toward a hypothesis
h, as shown in Table 2.2. NLI is not strict logical entailment; instead, it reflects whether
a human reading the premise would typically infer that the hypothesis is true.

Premise Hypothesis Label

A man inspects the uniform of a fig-
ure in some East Asian country.

The man is sleeping. Contradiction

An older and younger man smiling. Two men smile and laugh as the cats
play on the floor.

Neutral

A soccer game with multiple males
playing.

Some men are playing a sport. Entailment

Table 2.2: Examples of premise-hypothesis pairs and their corresponding NLI labels.

The ability to determine whether one sentence follows from another by inference serves
as a foundational benchmark for any model claiming semantic understanding. Many NLP
tasks, such as summarization, question-answering, and translation, can be reframed as
entailment pairs. Smaller models fine-tuned on entailment pairs can match the few-shot
performance of much larger language models on downstream classification tasks [142].
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Similarly, a pre-trained NLI system can generalize across domains with only a handful of
domain-specific examples, demonstrating that textual entailment functions as a unified
solver for diverse NLP tasks under limited annotation budgets. Although recognizing
entailment relations is not in itself sufficient for full language understanding, it remains
a minimal, necessary condition for semantic competence [23, 84].

2.5.1 Benchmarks and Their Limitations

NLI has become a central benchmark for evaluating semantic reasoning, serving as a
proxy for a model’s ability to move beyond surface-level lexical matching toward genuine
language understanding. Large-scale datasets such as SNLI [15] and MNLI [150] have
been incorporated into widely adopted evaluation suites, including GLUE [140] and Su-
perGLUE [139]. Yet these benchmarks suffer from several well-documented limitations:
both are English-only, and human-level performance on GLUE was surpassed as early
as 2019 [92, 139], raising questions about whether models were capturing genuine lin-
guistic competence or exploiting dataset-specific artifacts [46]. In addition, both were
constructed primarily from crowdsourced English data, encoding cultural and pragmatic
assumptions that do not transfer cleanly to other languages.

The multilingual extension XNLI [25] attempted to address the language coverage
gap by translating MultiNLI into 15 languages. However, as discussed in Section 2.2,
translation-based benchmarks inherit a further layer of problems: translation artifacts
can artificially inflate performance. For this reason, efforts have been made to develop
native, language-specific evaluation resources that better reflect local linguistic and cul-
tural characteristics, rather than relying on translated proxies. ParsiNLU [66] is one such
initiative, providing a suite of language-understanding tasks—including NLI—tailored for
Farsi and serving as an evaluation resource used in this thesis.

2.5.2 Subjectivity in NLI Annotation

Despite its structured three-way label space, NLI annotation is inherently subjective.
Human annotators frequently disagree on the appropriate label for a given premise–
hypothesis pair, particularly in cases involving pragmatic inference, world knowledge,
or ambiguous phrasing [99]. These NLI cases often support multiple valid interpreta-
tions, in which identical premise-hypothesis pairs can receive different, yet justifiable,
labels depending on contextual assumptions and interpretative frameworks. A key source
of this subjectivity is the tension between two distinct modes of reasoning: semantic in-
terpretation, which relies on literal textual meaning and logical structure, and pragmatic
interpretation, which incorporates real-world knowledge, speaker intent, and contextual
assumptions [83]. The following examples illustrate this fundamental tension between
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semantic and pragmatic interpretation: c

Example 1

Premise: Yes, yes, it’s a good thing that they do not
advertise, it’s really good that it’s just music.
Hypothesis: It’s good, it’s just music, and there are no
advertisements, but DJ talks a lot.
Gold: Neutral
Semantic: Extra DJ detail is not entailed but not contra-
dictory. → Neutral.
Pragmatic: ”just music” may exclude DJ talk.→
Contradiction

Example 2

Premise: But some democrats say this should have been
done a long time ago.
Hypothesis: Democrats say now is the time to implement
this program.
Gold: Contradiction
Semantic: ”Should have been done long ago” conflicts with
”now is the time” because the obligation’s time frame has
passed. → Contradiction.
Pragmatic: the phrase can serve as a lament about delay
while still supporting action now, making the statements
compatible. → Entailment.

Example 3

Premise: The end user is considered a participant in the
learning process and not merely a recipient of information.
Hypothesis: The end user receives the information.
Gold: Entailment
Semantic: ”not merely a recipient” implies the user is
a recipient of information, so the hypothesis follows →
Entailment.
Pragmatic: The hypothesis states that the end user receives
information, implying a passive role. The premise, however,
holds that the end user is part of the learning process and is
not merely a receiver of information, implying an active role.
These two statements are in direct opposition regarding the
role of the end user, leading to a Contradiction.

cThe examples are translated from the ParsiNLU dataset [66].
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These disagreements have direct consequences for data creation: NLI requires annota-
tors to reason about implication, speaker intent, and world knowledge, making annotation
substantially harder and more expensive than tasks with more objectively verifiable labels.
This inherent subjectivity is reflected in consistently low inter-annotator agreement across
NLI datasets [99], and it is especially consequential in low-resource settings where dis-
agreements cannot be resolved through large annotator pools. This subjectivity presents
particular challenges for LLM-based annotation, as models must navigate the same am-
biguities that challenge human annotators while also contending with limited exposure
to low-resource languages, sensitivity to prompt formulation, training biases, and archi-
tectural constraints that shape their judgments in ways that may not align with human
reasoning. This motivates the central investigation of this thesis: a systematic exami-
nation of whether LLMs can serve as reliable annotators for Farsi NLI and under what
prompting and configuration conditions their outputs best approximate human judgment.

2.5.3 Case Study: ParsiNLU

Given the considerations above, this thesis adopts the ParsiNLU dataset as its primary
case study, as it represents the most carefully constructed native Farsi NLI resource
currently available. The ParsiNLU benchmark [66] includes an NLI component of ap-
proximately 2,700 samples, constructed through expert annotation. This dataset was
constructed via two complementary strategies:

• Natural—Annotators authored premise–hypothesis pairs from Farsi sources, focus-
ing on naturally inferential sentence pairs—for example, those containing discourse
markers such as but—alongside their preceding context sentences. Annotators were
asked to consider both sentences and write a premise and corresponding entailing,
contradicting, and neutral sentences. To minimize annotation artifacts, annota-
tors were explicitly instructed to avoid trivial transformations such as negation or
synonym substitution, which are known to produce spurious correlations. This ap-
proach yields high-quality instances, but it is a relatively slower annotation task.

• MNLI—Translating and post-editing samples from the English MNLI dataset. Fur-
thermore, each translated document was reviewed by a native speaker annotator to
correct translation errors. Notably, approximately 66.4% of translated samples re-
quired post-editing corrections, underscoring the limitations of direct translation for
NLI data.

The native subset emphasizes high-quality, linguistically grounded inferences, while
the translated subset provides broader topical and genre coverage. Table 2.3 shows that
the dataset is relatively balanced. Figure 2.2 further illustrates how this balance shifts by
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source: MNLI-derived samples are more prevalent in the Entailment class, while naturally
curated data dominates Contradiction, and the Neutral class is broadly balanced across
both sources.

Split Size Entailment Neutral Contradiction

ParsiNLU (train) 750 275 241 234
ParsiNLU (validation) 269 104 87 78
ParsiNLU (test) 1668 608 559 501

Table 2.3: Label distribution of the ParsiNLU [66] dataset across train, validation, and
test splits.

Figure 2.2: Distribution of natural and MNLI-derived samples across NLI labels in the
ParsiNLU [66] dataset .

2.6 Selected Large Language Models
While LLMs, at their core, are built on transformers, they differ substantially in scale,
training data, and development. To systematically investigate how underlying model
families and training paradigms influence annotator reliability, we selected instruction-
tuned LLMs based on access type (proprietary vs. open-weight), model scale (parameter
count and computational demands), and linguistic coverage. Our selection includes three
proprietary models—Claude-Opus-4d, GPT-4oe, GPT-4o-minif—which represent state-
of-the-art systems with strong reasoning capabilities. In addition, we include three open-

dhttps://www.anthropic.com/news/claude-4
ehttps://openai.com/index/hello-gpt-4o/
fhttps://openai.com/index/gpt-4o-mini-advancing-cost-efficient-intelligence/
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weight models— Aya-23-35Bg, Qwen3-30B-Instructh, and Llama3.3-70B-Instructi—as re-
producible alternatives that do not require proprietary API access j. Table 2.4 shows the
details of the models used in our experiments. To contextualize the models’ capabilities,
we include its performance on the MMMLU (Multilingual Massive Multitask Language
Understanding) benchmark [52]. This benchmark provides a standardized measure of
knowledge across domains and languages.

Model Size Characteristics MMMLU

Proprietary Models

Claude-Opus-4 Unknown Advanced reasoning and coding · Mul-
timodal · Strong alignment · Multi-
lingual

88.8

GPT-4o Unknown Multimodal · Strong multilingual per-
formance

69.1

GPT-4o-mini Unknown Lightweight · Cost-efficient · Compet-
itive performance

62.6

Open-weight Models

Aya-23-35B 35B Multilingual · 23 languages (incl.
Farsi)

58.2

Qwen3-30B-Instruct 30B Mixture-of-experts · Strong reasoning
· Multilingual

78.4

Llama3.3-70B-Instruct 70B Large-scale · General-purpose reason-
ing· Multilingual training

64.3

Table 2.4: Overview of LLMs evaluated in this study, including model scale, access type,
and multilingual benchmark performance (MMMLU).

2.7 Prompt Engineering
A prompt is a natural-language text that asks LLMs to perform a specific task. The
process of crafting an instruction to generate the desired outcome is called prompt engi-
neering. Unlike fine-tuning, prompt engineering guides a model’s behavior without chang-
ing its weights, a process known as in-context learning [16]. Many modern LLMs follow
a chat-template structure, in which interactions are formatted as a sequence of system
and user messages. Models deployed via conversational APIs, such as those provided by
OpenAI and Meta, process prompts using specific message roles (e.g., "system", "user",
"assistant") and combine them into a structured input. "System" prompts define the

ghttps://cohere.com/research/papers/aya-command-23-8b-and-35b-technical-report-2024-05-23
hhttps://huggingface.co/Qwen/Qwen3-30B-A3B-Instruct-2507
ihttps://huggingface.co/meta-llama/Llama-3.3-70B-Instruct
jWe also evaluated smaller models in the 7B parameter range (including Qwen2.5-7B-Instruct, Llama-

3.1-8B-Instruct) but excluded them from detailed analysis due to substantially degraded performance in
Farsi.
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role of the language model, including task instructions, constraints, and response style.
"User" prompts specify the task itself, providing the input content, context, or query
that the model is expected to respond to. The "assistant" role represents the model’s
previous outputs in a multi-turn interaction. It is used to provide conversational history,
allowing the model to maintain context across turns and generate coherent, context-aware
responses. As our experiments involve single-turn interactions, the "assistant" role is
not used. Given a system prompt and a user prompt, the model combines them into a
single input sequence, which is then used to generate the output. Below is an example of
a prompt with system and user roles (adopted from [57]):

Prompt

System prompt: You’re an experienced real estate agent.
Your job is to read the disclosure carefully, fairly assess the
property’s condition based on it, and help your buyer under-
stand the risks and opportunities of the property. For each
question, answer succinctly and professionally.
User prompt: Context: [disclosure.pdf]
Question: Summarize the noise complaints, if any, about this
property.
Answer:

Prompting strategies vary in the degree of guidance they provide to the model. The
zero-shot prompt directly instructs the model to perform a task. Few-shot prompting sup-
plements these instructions with one or more input–output examples, providing demon-
strations that have been shown to reduce ambiguity in task interpretation. The Chain-
of-Thought (CoT) technique [147] encourages the model to decompose complex reasoning
into a series of intermediate steps, with benefits most pronounced on complex reasoning
tasks and in larger models.

While these prompting strategies can improve performance, they also highlight a key
challenge: LLM outputs are highly sensitive to prompt formulation. This is a well-
documented phenomenon, fundamentally linked to their autoregressive training objective.
Since these models are trained to maximize sequence likelihood, their performance on
a given task is governed by the probability they assign to both the prompt itself and
the correct answer [88]. Studies have documented significant order effects, where the
sequence of presenting information fundamentally alters model reasoning [19, 158, 44], and
have quantified their vulnerability to spurious features in prompt phrasing [121]. Beyond
information ordering, the prompt template has been shown to significantly influence model
performance. He et al. [50] show that different prompt templates can lead to performance
differences of up to 40% for GPT-3.5-turbo on code translation tasks, while larger models
such as GPT-4 are less sensitive to these variations. This instability is further compounded
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in multilingual contexts, where prompt translation strategies [90] and language-specific
templates [36] dramatically impact performance.
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3
LLMs as Annotators for NLI

3.1 Introduction
The previous chapter established that LLM-based annotation faces compounding relia-
bility challenges: prompt sensitivity, task-dependent performance degradation, and am-
plified weaknesses in low-resource languages. Before deploying LLMs as annotators in
our data generation pipeline (Chapter 4), we need empirical evidence about their behav-
ior on a semantically complex task in a genuinely low-resource setting. To this end, we
evaluate six instruction-tuned LLMs as annotators for Farsi NLI across eight prompt con-
figurations, assessing reliability through multiple complementary dimensions: overall and
per-class accuracy, prompt sensitivity, intra-class consistency, and inter-model agreement.
Our results show that LLM annotations for Farsi NLI are markedly sensitive to prompt
design, with input-order effects producing the greatest volatility; moreover, class-wise
analysis reveals that Neutral is the most challenging class for models. While proprietary
models (e.g., Claude-Opus-4, GPT-4o) exhibit greater stability than open-weight models,
we also find that stable prediction cases can still be confidently wrong, highlighting the
need for class-aware and cross-prompt or cross-model agreement checks. The remainder
of this chapter is organized as follows: In Section 3.2, we outline our experimental design
and provide examples of the prompts we used. Section 3.3 presents the results and 3.4
discusses their implications. Finally, in Section 3.5, we summarize our contributions and
outline directions for future research.

3.2 Method
Our methodology tests several key hypotheses about LLM annotation behavior: that
model performance varies systematically with prompt formulation, that annotation sta-
bility differs across model families, and that reliability metrics 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 the

24



3.2. METHOD

ParsiNLU training split (750 samples: 275 Entailment, 241 Neutral, and 234 Contra-
diction) as our evaluation testbed. The training split was chosen instead of the test split
because its size made it more manageable for running multiple experiments.

3.2.1 Prompt Design and Variations

Our prompt design framework employs controlled variations across three critical dimen-
sions: 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 define the role of the language model and constrain
its behavior during the classification task a. System prompts are provided in either English
or Farsi to examine the influence of instruction language on model performance.

Elaborated Instruction

You are a helpful assistant that evaluates whether a hypothesis can be inferred
from a premise. Answer using only one of the following labels:
Entailment, Contradiction, or Neutral. Do not explain.

Concise Instruction

Classify the relationship between the following two statements as
Entailment, Contradiction, or Neutral. Respond with one word only.

We translate these two system prompts to Farsi. We do not translate the input samples
(premises and hypotheses).

User Prompts To evaluate the sensitivity of language models to input phrasing, two
distinct user message formulations are employed:

Input in original order

Premise:{premise} Hypothesis:{hypothesis} Answer:

This configuration presents the task in its canonical form, where the premise (providing
context) precedes the hypothesis (the statement to be inferred).

aPreliminary experiments using definitional prompts that explicitly specified the meaning of each NLI
label did not yield a meaningful improvement in accuracy on a held-out subset. Consequently, these
prompts were not considered further.
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Input in reverse order

Hypothesis:{hypothesis} Premise:{premise} Answer:

Because Entailment is inherently directional—the premise logically precedes the hy-
pothesis, not vice versa—we use explicit semantic role labels (Premise: and Hypothesis:)
that remain attached to their respective sentences regardless of presentation order. This
ensures that any performance difference between ordering conditions reflects sensitivity
to surface-level sequencing rather than role confusion. We therefore treat any remaining
performance differences between ordering conditions as evidence that models rely on po-
sitional heuristics that persist even in the presence of explicit semantic role labels.
By combining the four system prompt variants (two in each language) with the two user
prompt formats described (original and reverse), each model is evaluated across eight
unique prompt configurations (Table 3.1).

Prompt Language Style Order
original_elaborate_en English Elaborate original
original_concise_en English Concise original
original_elaborate_fa Farsi Elaborate original
original_concise_fa Farsi Concise original
reverse_elaborate_en English Elaborate reverse
reverse_concise_en English Concise reverse
reverse_elaborate_fa Farsi Elaborate reverse
reverse_concise_fa Farsi Concise reverse

Table 3.1: Prompt variants used to evaluate LLM sensitivity to linguistic and structural
variations. Each prompt combines language (English, Farsi), instruction style (elaborate,
concise), and premise-hypothesis ordering (original, reverse).

3.2.2 Post-processing and Label Normalization

Inspection of models’ outputs revealed substantial inconsistencies in model output for-
matting, including the use of Farsi lexical equivalents, variations in capitalization, extra-
neous punctuation, and labels embedded within longer explanatory outputs. To ensure
evaluation robustness and comparability across models and prompts, we implemented a
comprehensive label normalization procedure. This process mapped all model predictions
to a canonical set of English NLI labels: Entailment, Contradiction, and Neutral. The
normalization ensured that semantically equivalent predictions were standardized before
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evaluation.

3.3 Results
To ensure a comprehensive evaluation of model behavior under prompt perturbation, we
report multiple metrics that target different dimensions of robustness. Table 3.2 provides
the summary of these metrics.

Metric Granularity Function
Accuracy Prompt-level Task correctness
Sensitivity Input-level Robustness to prompt variation
Consistency Class-level Stability of predictions within a class
Fleiss’s Kappa/Cohen’s Kappa Model-level Inter-Model agreement

Table 3.2: Multi-dimensional evaluation framework for assessing LLM annotator relia-
bility. The taxonomy distinguishes between prompt-level, input-level, class-level, and
model-level analyses to provide a holistic view of annotation stability.

3.3.1 Accuracy

We compute the model’s prediction accuracy independently for each prompt variant. This
prompt-level evaluation enables a finer-grained diagnosis of prompt sensitivity. The re-
sults reveal substantial variation both across models and across prompt configurations.
Accuracy ranges from 0.83 (Claude-Opus-4, original_concise_fa) to 0.61 (Aya-23-35B,
reverse_elaborate_fa), a 22-percentage-point spread that shows the extent to which
annotation quality depends on design choices that are often treated as arbitrary (Fig-
ure 3.1). Two patterns are immediately apparent. First, the original premise-hypothesis
ordering consistently outperforms the reversed ordering for every model. This is con-
sistent with the positional expectations that LLMs acquire during training: the vast
majority of NLI training data—and indeed most premise-hypothesis formulations in the
literature—present the premise before the hypothesis, so models have learned to associate
this sequential structure with the task [19]. When the order is reversed, the model must
reason against its learned positional prior, which degrades performance even when the
semantic content is identical. Second, proprietary models exhibit a narrower, higher-
accuracy band (0.74–0.83) than open-weight models (0.61–0.78), suggesting that more
extensive instruction-tuning and alignment procedures confer not only higher average
performance but also greater robustness to prompt variation.

One caveat applies to the absolute accuracy figures reported above. ParsiNLU has
been publicly available since 2021, and we cannot rule out that portions of it appeared
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in the pre-training corpora of the models evaluated here. The strong sensitivity of these
same models to surface-level prompt perturbations—particularly to premise–hypothesis
reordering and instruction language—argues against pure memorization, since memorized
labels would be expected to remain stable under such perturbations. Nevertheless, the
absolute accuracy figures should be read as upper bounds; the relative comparisons across
models, prompts, and ordering conditions, which form the basis of the analyses that follow,
are unaffected by this concern.

Figure 3.1: Accuracy comparison of six language models across eight prompt con-
figurations for the NLI task. Models are evaluated under combinations of language
(English/Farsi), system prompt style (detailed/concise), and premise-hypothesis order-
ing. The highest recorded accuracy (0.83) was achieved by Claude-Opus-4 under the
original_concise_fa prompt, while the lowest (0.61) was observed for Aya-23-35B un-
der the reverse_elaborate_fa prompt. This visualization highlights prompt and model-
dependent variability in performance for the Farsi NLI annotation task.

A per-class breakdown confirms that this variability is not uniformly distributed (Fig-
ure 3.2). Entailment is classified most accurately and with the least cross-prompt varia-
tion, which is expected: Entailment pairs typically share lexical content between premise
and hypothesis, providing surface-level cues that models can exploit regardless of prompt
formulation. Contradiction shows moderate accuracy but greater variability, particularly
among open-weight models, reflecting the additional reasoning step required to identify
explicit semantic conflict. Neutral class exhibits the lowest median accuracy and the
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Figure 3.2: Per-Class accuracy comparison of six language models across eight prompt
configurations for NLI tasks. Models are evaluated under combinations of language (En-
glish/Farsi), system prompt style (detailed/concise), and premise-hypothesis ordering.
The results highlight strong and consistent performance on Entailment, greater variabil-
ity and moderate accuracy for Contradiction, and substantially lower and more dispersed
accuracy for Neutral, indicating that identifying Neutral relationships presents the great-
est challenge for current LLMs in this setting.

largest dispersion across prompt conditions. This pattern is consistent with the inherent
ambiguity of the Neutral category discussed in Section 2.5: Neutral requires the annota-
tor to determine that a hypothesis is neither entailed nor contradicted, a judgment that
depends heavily on whether the annotator adopts a strict textual reading or incorpo-
rates pragmatic inference. The difficulty LLMs face with Neutral has a direct, practical
consequence for the data-generation pipeline developed in subsequent chapters. If LLM
annotators systematically misclassify Neutral instances, the resulting synthetic dataset
will carry a structured labeling bias that propagates to downstream model training—
shown to be harmful to learned representations [129].

Evaluating a model solely on accuracy overlooks its operational reliability: a high-
performing model might still be unacceptably brittle, with predictions fluctuating due to
minor, inconsequential changes in the prompt. The metrics of sensitivity and consistency
were introduced specifically to quantify this behavior, providing a direct measure of a
model’s stability under prompt variations.
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3.3.2 Prompt Sensitivity

This metric captures the extent to which a model’s predicted labels for a given input vary
across semantically equivalent prompt formulations, regardless of the ground truth—such
that a model that always predicts the same label, whether correct or incorrect, receives a
sensitivity score of zero. Specifically, sensitivity is measured as the normalized entropy of
the predicted label distribution across a set of prompt variants for the same input—with
higher values indicating greater sensitivity [29].

Formally, for an input x and a set of prompt variants {p1, . . . , pn}, let Px ∈ RK denote
the empirical distribution of predicted labels over K classes. The sensitivity for input x

is then computed as:

Sensitivity(x) = H(Px)

log2K
, where H(Px) = −

K∑
i=1

Px(i) log2 Px(i)
�� ��3.1

For example, in the NLI task, consider a single input x evaluated under eight prompt
variants, yielding the following predicted labels:

{E, E, E, N, N, N, N, C}

The empirical distribution over K = 3 classes is:

Px =

(
3

8
,
4

8
,
1

8

)
= (0.375, 0.500, 0.125)

The entropy of this distribution is:

H(Px) = −
(
3

8
log2

3

8
+

4

8
log2

4

8
+

1

8
log2

1

8

)
= 1.406

Normalizing by log2K = log2 3 = 1.585 gives:

Sensitivity(x) = 1.406

1.585
= 0.887

This high sensitivity score (close to 1.0) indicates that the model’s prediction for this
input is highly unstable: no single class receives a clear majority of votes, and all three
labels appear across different prompt formulations.

Sensitivity does not evaluate the correctness of a model’s prediction, but rather its ro-
bustness to prompt variation– that is, the extent to which its outputs remain stable when
presented with alternative phrasings 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 de-
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cision instability, particularly relevant in classification tasks such as NLI, where minor
surface-level prompt variations can result in substantial shifts in model predictions.

Table 3.3 summarizes the mean sensitivity scores across all prompt variants for each
model and inference class, providing a quantitative measure of how susceptible model
predictions are to prompt formulation. Lower sensitivity values indicate stronger robust-
ness and internal consistency, while higher scores reflect greater variability in the model’s
predicted labels across prompts. Overall sensitivity confirms the model family divide ob-
served in the accuracy analysis: Claude-Opus-4 (0.16) and GPT-4o (0.18) are the most
robust, while Aya-23-35B (0.26) is the most volatile. However, the per-class breakdown
reveals a more nuanced picture than the overall ranking suggests. The open-weight models
(Aya-23-35B, Qwen3-30B, LLaMA-3.3-70B) all share a common sensitivity profile: En-
tailment is their most stable class (0.13–0.16), Contradiction is moderately variable (0.18–
0.27), and Neutral is the most prompt-sensitive (0.33–0.36). This gradient mirrors the
expected difficulty ordering: Entailment pairs offer surface-level lexical cues that anchor
predictions regardless of prompt phrasing, while Neutral requires the subtler judgment
discussed above. The proprietary models depart from this pattern in instructive ways.
Claude-Opus-4 exhibits near-uniform sensitivity across all three classes (0.17, 0.14, 0.18),
suggesting that its reasoning process is comparably stable regardless of the inferential re-
lationship being assessed, including for Neutral, where every other model shows markedly
elevated variability. This balanced profile may reflect more extensive alignment training
that has regularized the model’s behavior across the full label space, rather than default-
ing to high-confidence predictions only for the easier classes. GPT-4o and GPT-4o-mini
display a different, unexpected pattern: both models are most stable on Contradiction
(0.11 and 0.13, respectively) but least stable on Entailment (0.22 and 0.21, respectively).
This is the inverse of the open-weight profile and is noteworthy because Entailment is the
class that all other models find easiest to classify consistently. One possible explanation is
that the GPT models’ alignment training has made them more cautious about affirming
Entailment—a form of conservatism in which the model hedges on whether a hypothesis
strictly follows from the premise, producing variable predictions that oscillate between
Entailment and Neutral depending on prompt phrasing. By contrast, when the GPT
models detect an explicit semantic conflict, they classify it as a Contradiction with high
confidence and consistency. This asymmetry has practical implications for annotation
pipelines: a GPT-based annotator may produce noisier Entailment labels than expected.
In contrast, Contradiction labels are likely to be more reliable than those of open-weight
alternatives.

Figure 3.3 illustrates the distribution of prompt sensitivity scores for all evaluated
models. Each violin represents the distribution of sample-level sensitivity scores, with
lower scores indicating consistent predictions across prompt variants and higher scores
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Model Overall Entailment Contradiction Neutral
Aya-23-35B 0.26 0.16 0.27 0.36
Qwen3-30B-A3B-Instruct 0.23 0.14 0.22 0.36
LLaMA-3.3-70B-Instruct 0.21 0.13 0.18 0.33
GPT-4o-mini 0.22 0.21 0.13 0.31
GPT-4o 0.18 0.22 0.11 0.20
Claude-Opus-4 0.16 0.17 0.14 0.18

Table 3.3: Mean sensitivity scores across all prompt variants for each model, disaggre-
gated by inference class (Entailment, Contradiction, Neutral). Lower sensitivity values
indicate greater robustness to prompt reformulation, whereas higher values reflect greater
variability in predictions across different prompt phrasings. Among the evaluated models,
Claude-Opus-4 and GPT-4o exhibit the greatest stability, while Aya-23-35B shows the
greatest prompt sensitivity—particularly for the Neutral class.

indicating greater variability or instability. The proprietary models, Claude-Opus-4 and
GPT-4o, show narrower distributions concentrated near zero, confirming their robustness
to prompt phrasing and alignment stability. In contrast, open-weight models exhibit wider
distributions, with more density at higher sensitivity scores, reflecting greater sensitivity
to prompt variants. To distinguish between stable and unstable predictions, we adopt
a normalized entropy threshold of 0.67. This value corresponds to the point at which
a model’s vote distribution across eight prompt variants transitions from a clear class
preference—where at least 75% of prompts agree on a single label—to significant inter-
class confusion. Samples exceeding this threshold typically receive roughly comparable
vote shares across the three NLI classes, indicating that the model lacks a stable decision
boundary for that input and effectively switches between Entailment, Contradiction, and
Neutral depending on how the prompt is phrased.
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Figure 3.3: Distribution of prompt sensitivity scores across six instruction-tuned LLMs.
The violin plots illustrate how each model’s predictions vary under different prompt for-
mulations. Higher sensitivity scores indicate greater instability in responses. Proprietary
models (Claude-Opus-4, GPT-4o) show lower median sensitivity and more compact dis-
tributions, reflecting consistent behavior across prompts. In contrast, open-weight models
(LLaMA-3.3-70B, Aya-23-35B) display broader distributions and higher variability.

To understand which factor contributes most to model sensitivity—the ordering of
inputs, the language of the system prompt, or the prompt style—we recalculated sen-
sitivities by holding one factor fixed while varying the other two. Consequently, for
each factor, we evaluated sensitivity over four prompt variants. For example, under
the reversed order condition, we used: reverse_elaborate_en, reverse_elaborate_fa,
reverse_concise_en, and reverse_concise_fa. Table 3.4 summarizes the mean sen-
sitivity of each model under three independent factors. Three patterns emerge from the
factor-level comparison. The most striking is the effect of input ordering: Across all six
models, the original premise-hypothesis order produces substantially lower sensitivity than
the reversed order, and the gap between the two conditions is the largest of any factor pair.
Claude-Opus-4 illustrates this most clearly, with sensitivity nearly doubling from 0.072
(original) to 0.123 (reversed). This confirms that positional expectations—learned from
training corpora in which the premise conventionally precedes the hypothesis—represent
the single strongest source of prediction instability in LLM-based NLI annotation. By
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contrast, prompt language exerts a comparatively modest effect. The difference between
English and Farsi system prompts is small and directionally inconsistent: Some models
(GPT-4o, Aya-23-35B) are marginally more stable with English prompts, while LLaMA-
3.3-70B is slightly more stable with Farsi prompts. The absence of a clear language
advantage is itself notable. It suggests that, for these instruction-tuned models, the
system prompt language matters less than the structural framing of the input, at least
within the range of languages tested here. Prompt style (elaborate vs. concise) shows
the least systematic effect. For most models, the difference between the two conditions
is within 0.01–0.02, and the direction varies: LLaMA-3.3-70B is considerably more sta-
ble under concise prompts (0.157 vs. 0.206), whereas Claude-Opus-4 shows the reverse
pattern (0.148 concise vs. 0.126 elaborate). This suggests that the level of instructional
detail in the system prompt has a model-specific rather than a universal effect. Figures
3.4, 3.5, and 3.6 show the effect of each factor respectively.

Model name English Farsi Reverse Original Elaborate Concise
Aya-23-35B 0.199 0.188 0.182 0.113 0.219 0.228
Qwen3-30B-A3B-Instruct 0.190 0.174 0.134 0.103 0.202 0.216
LLaMA-3.3-70B-Instruct 0.175 0.193 0.115 0.119 0.206 0.157
GPT-4o-mini 0.183 0.190 0.137 0.095 0.181 0.185
GPT-4o 0.165 0.153 0.116 0.092 0.148 0.159
Claude-Opus-4 0.127 0.136 0.123 0.072 0.126 0.148

Table 3.4: Mean sensitivity across models by factor—language (EN vs. FA), input order
(Original vs. reverse), and prompt style (Elaborate vs. Concise). Higher values indicate
greater prediction volatility; sensitivities are averaged over four prompt variants within
each experimental condition (prompt language and input ordering).
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Figure 3.4: Comparison of model sensitivity distributions under different prompt orders.
The upper plot shows sensitivity scores when the premise precedes the hypothesis (orig-
inal order), while the lower plot reverses the order. Across all models, reversing the
input sequence increases overall sensitivity, particularly for open-weight models such as
LLaMA-3.3-70B and Aya-23-35B, indicating that the order of the premise and hypothesis
substantially influences prediction stability.
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Figure 3.5: Comparison of model sensitivity distributions under different system prompt
languages (English vs. Farsi). The upper plot shows sensitivity scores for the English
system prompt, and the lower plot shows sensitivity scores for the Farsi system prompt.
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Figure 3.6: Comparison of model sensitivity distributions under different system prompt
styles. The upper plot shows sensitivity scores when the system prompt is elaborated,
and the lower plot shows sensitivities when the system prompt is concise.

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 confidence and robust-
ness to prompt perturbation. By analyzing how these stable predictions align with the
gold-standard annotations, we evaluate whether prediction stability necessarily implies
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correctness. Figure 3.7 shows that proprietary models, particularly Claude-Opus-4 and
GPT-4o, exhibit both higher numbers of zero-sensitivity samples and a greater propor-
tion of correct predictions, suggesting a stronger alignment between stability and semantic
accuracy. In contrast, open-weight models such as Aya-23-35B and Qwen3-30B exhibit
a higher proportion of consistently incorrect predictions, indicating that stability alone
does not guarantee correctness. While the underlying causes of this behavior—such as
differences in training data or model design—are not directly examined in this study, the
results show that prediction stability alone is not sufficient to assess annotation reliability.

Figure 3.7: Correct and incorrect predictions among zero-sensitivity samples for each
model (total dataset: 750 samples). Each bar represents the total number of samples for
which a model produced identical labels across all prompt variants (i.e., zero-sensitivity
cases). The blue segment indicates predictions that align with the gold-standard labels,
while the orange segment denotes consistent but incorrect predictions. Proprietary models
such as Claude-Opus-4 and GPT-4o achieve higher overall stability with fewer confident
errors, whereas open-weight multilingual models like Aya-23-35B and Qwen3-30B exhibit
a greater proportion of consistently incorrect predictions, suggesting that stability does
not always imply correctness.

3.3.3 Consistency (Class-Level)

Intra-class consistency assesses the extent to which a model assigns uniform predictions
to different inputs belonging to the same ground-truth class across prompt variants [29].
Formally, let Dc = {x1, x2, . . . , xn} be the subset of inputs labeled with class c in the
gold dataset, and let Pxi ∈ RK denote the empirical distribution over K output classes
predicted for input xi ∈ Dc across multiple prompt variants. The Total Variation Distance
(TVD) between two such distributions Pxi and Pxj is defined as:
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TVD(Pxi , Pxj ) =
1

2

K∑
k=1

∣∣Pxi(k)− Pxj (k)
∣∣ �� ��3.2

The consistency for class c is then calculated as:

Consistency(c) = 1− 2

n(n− 1)

∑
xi,xj∈Dc

TVD(Pxi , Pxj )
�� ��3.3

Where n = |Dc| is the number of examples with gold label c. A higher consistency value
(closer to 1) indicates that the model produces more uniform predictions across examples
of the same class, while lower values suggest divergent or unstable intra-class behavior.
Consider a model evaluated on a class containing three gold-labeled Entailment examples
(n = 3) across eight prompt variants. Suppose the empirical prediction distributions for
each example are as follows:

Px1 = (0.75, 0.25, 0.00) [6E, 2N, 0C out of 8 prompts]

Px2 = (0.875, 0.125, 0.00) [7E, 1N, 0C out of 8 prompts]

Px3 = (0.25, 0.375, 0.375) [2E, 3N, 3C out of 8 prompts]

Examples x1 and x2 behave similarly because the model predominantly predicts Entail-
ment for both, with minor Neutral leakage. Example x3, however, shows a very different
profile: despite sharing the same gold label, the model spreads its predictions roughly
evenly across all three classes. The pairwise TVD values capture this divergence:

TVD(Px1 , Px2) =
1
2

(
|0.75− 0.875|+ |0.25− 0.125|+ |0− 0|

)
= 0.125

TVD(Px1 , Px3) =
1
2

(
|0.75− 0.25|+ |0.25− 0.375|+ |0− 0.375|

)
= 0.5

TVD(Px2 , Px3) =
1
2

(
|0.875− 0.25|+ |0.125− 0.375|+ |0− 0.375|

)
= 0.625

The mean TVD across all
(
3
2

)
= 3 pairs is (0.125 + 0.5 + 0.625) / 3 = 0.417, giving:

Consistency(Entailment) = 1− 0.417 = 0.583

This moderate consistency score reflects the fact that x3 behaves very differently from
x1 and x2 under prompt variation, even though all three share the same gold label.
A consistency of 1.0 would indicate that every Entailment example elicits an identical
prediction distribution across prompts; a value near 0 would indicate that the model
treats same-class examples as though they belonged to entirely different categories. In
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practice, low consistency for a given class suggests that the model lacks a stable internal
representation of that class boundary—a pattern we observe most strongly for the Neutral
class across all models.

For unambiguous inputs, a consistent LLM is expected to produce similar output dis-
tributions across minor variations in the prompt. In such cases, consistency reflects the
model’s capacity to generalize within a class under superficial input perturbations. How-
ever, for inherently ambiguous premise–hypothesis pairs, some variability may reflect le-
gitimate uncertainty rather than a model deficiency. Importantly, consistency can remain
high even when a model is sensitive to prompt variation; in such cases, high consistency
indicates systematic rather than random errors, in which similar inputs fail in similar
ways across prompts. This structured behavior makes errors predictable and amenable to
targeted prompt engineering, whereas low consistency reflects erratic intra-class behavior
for which prompt interventions are less likely to be effective.

Table 3.5 presents class-level consistency scores, which capture a dimension of model
behavior that per-class accuracy alone cannot reveal. While the accuracy analysis in
Figure 3.2 established that Neutral is the most difficult class across all models, the con-
sistency analysis reveals a complementary pattern: models differ not only in how of-
ten they are correct on each class, but also in how stable their predictions are within a
class. The proprietary models (Claude-Opus-4 and GPT-4o) exhibit relatively even con-
sistency across the three classes, with no class falling far below the others (range ≈ 0.13).
Their predictions for any given gold class are similar across prompt variants, regardless
of whether they are correct. The open-weight models (Aya-23-35B, Qwen3-30B-A3B,
LLaMA-3.3-70B), by contrast, show a much wider spread between their best and worst
classes (range≈ 0.30− 0.35): they are highly stable on Entailment but unstable on Neu-
tral. This indicates that the open-weight models converge on the same prediction for
Entailment examples regardless of how the prompt is phrased, but diverge under prompt
variation when the input is Neutral.

Model Entailment Contradiction Neutral
Aya-23-35B 0.83 0.62 0.48
Qwen3-30B-A3B-Instruct 0.76 0.712 0.45
LLaMA-3.3-70B 0.79 0.69 0.48
Claude-Opus-4 0.62 0.72 0.67
GPT-4o-mini 0.62 0.79 0.47
GPT-4o 0.56 0.78 0.64

Table 3.5: Class-wise consistency scores (1 - TVD) for each model, computed across
prompt variants. Higher values indicate greater intra-class predictive uniformity.
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The consistently low scores for the Neutral class across most models suggest systematic
confusion patterns. To further analyze inter-class confusion, we identified two-class confu-
sion samples by selecting instances in which model predictions across all prompt variations
were split exclusively between two labels, with zero predictions for the third label. This
strict criterion ensured that we examined genuine binary ambiguities in which models
demonstrated clear confusion between two specific categories while completely excluding
the third. Figure 3.8 shows that all models exhibit the highest confusion between En-
tailment and Neutral (E–N), indicating that fine-grained semantic distinctions between
partial and full Entailment remain a persistent challenge. In contrast, Contradiction–
Entailment (C–E) confusion is considerably lower, suggesting clearer separation between
logically opposed relations. Meanwhile, Contradiction–Neutral (C–N) confusions vary
substantially across models. These findings confirm that most inconsistencies arise from
distinctions involving the Neutral class, highlighting a common weakness among models
in handling pragmatic relationships between sentences.

Figure 3.8: Two-Class Confusion frequencies across models (total dataset: 750 samples).
This chart displays the count of instances where model predictions were confused between
pairs of classes (Entailment-Neutral, Contradiction-Entailment, Contradiction-Neutral)
across different prompt variations. The results confirm that Entailment-Neutral is the
most prevalent confusion, indicating a shared challenge in distinguishing these semanti-
cally subtle classes.

3.3.4 Probing the Instabilities

A central question in evaluating LLMs as annotators is whether observed instability re-
flects fundamental model limitations or inherent challenges in the annotation task and in
data quality. While NLI appears to demand objective logical reasoning, human language
interpretation is inherently influenced by context, pragmatics, and real-world knowledge.
This creates tension between semantic and pragmatic inference. Given that, we iden-
tify the subset of examples exhibiting the highest prompt sensitivity. High-sensitivity
cases are inputs for which the model’s predicted label changes frequently across prompt
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variations. We focused on instances in which all evaluated models demonstrated high
sensitivity, suggesting inherent ambiguity in the examples themselves. To understand
the decision mechanisms underlying label predictions in high-sensitivity cases, we imple-
mented chain-of-thought prompting. We replicated the prompt variation experiments on
this subset, modifying the system prompts to include "Explain your reasoning" in-
structions while maintaining the same structural and linguistic variations. The following
pages provide examples of these subjective cases, illustrating how the same model, when
prompted differently, articulates divergent yet logically sound interpretations of the same
premise-hypothesis pair, reflecting the inherent subjectivity that also challenges human
annotation. This variation suggests that high-sensitivity samples often reflect inherent
ambiguity in the task rather than random model error.

42



3.3. RESULTS

GPT-4o-mini

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.

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 response
to things that used to bring joy. 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. This aligns with the premise, as it indicates a decrease
in happiness 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 satisfaction.
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 acknowledges 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. Therefore, the relationship is
classified as Neutral.

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.
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GPT-4o

Premise: They ate in silence and enjoyed the cool shade of a tree. Hypothesis:
They were standing under a tall oak tree and silently enjoyed the sunlight. Gold
Label: Contradiction.

Prompt: original_elaborate_en
CoT Reasoning: Contradiction. The premise states that they ate in silence and
enjoyed the cool shade of a tree, which implies they were sitting or resting under
the tree. The hypothesis, however, states that they were standing under a tall
oak tree and enjoying the sunlight quietly. These two scenarios are contradictory
because the premise involves enjoying the shade, while the hypothesis involves
enjoying the sunlight. Additionally, the premise does not specify the type of tree,
whereas the hypothesis specifies an oak tree.

Prompt: reverse_concise_en
CoT reasoning: Neutral. The hypothesis states that ”they stood under a tall
oak tree and quietly enjoyed the sunlight,” while the premise states that ”they ate
in silence and enjoyed the cool shade of the tree.” The two statements describe
different activities (standing vs. eating) and different experiences (enjoying
sunlight vs. enjoying shade). There is no direct Contradiction between the two, as
both can occur at different times or under different circumstances. However, the
premise does not provide enough information to definitively entail the hypothesis,
as it does not mention standing or sunlight. Therefore, the relationship is Neutral.
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Claude-Opus-4

Example 1:
Premise: The end user is considered a member in the learning process and is not
merely a receiver of information. Hypothesis: The end user receives information.
Gold Label: Entailment.

Prompt: reverse_concise_en
CoT reasoning: Contradiction. The relationship between these two statements
is **Contradiction**. The premise states: ”The end user is considered a member
in the learning process and is not merely a receiver of information.” The hypothesis
states: ”The end user receives information.” The key Contradiction lies in how the
end user’s role is characterized: 1. The Hypothesis presents the end user simply as
someone who ”receives information.” 2. The premise explicitly states that the end
user is ”NOT merely a receiver of information” and emphasizes their active role as
”a member in the learning process”. While the premise doesn’t deny that the end
user receives information at all, it directly contradicts the limited characterization
presented in the hypothesis.

Prompt: original_elaborate_en
CoT Reasoning: Entailment. Let me analyze the premise and hypothesis:
Premise: ”The end user is considered a member in the learning process and is not
merely a receiver of information.” Hypothesis: ”The end user receives information.”
The premise states that the end user is NOT MERELY a receiver of information,
but is considered a member in the learning process. This implies that while the
end user does more than just receive information (they actively participate in the
learning process), they still DO receive information as part of their role. The word
”merely” is key here—it doesn’t deny that the end user receives information, but
rather emphasizes that this is not their only function. Therefore, the hypothesis
that ”the end user receives information” can be inferred from the premise, as the
premise acknowledges information reception as one component of the end user’s
role, while emphasizing it’s not the only component. Answer: Entailment

Table 3.6 shows examples where none of the models predicted the gold label. Models
systematically diverge from the original annotations, suggesting either inherent ambigu-
ity in the examples or errors in the gold labels. For instance, in the first example, all
models lean toward Entailment or Neutral despite the gold label being Contradiction, im-
plying that the connection between receiving a prestigious medal and the organizational
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excellence of the Iranian Air Force may be inferable rather than strictly contradictory.
Similarly, in the fourth example, every model predicts Contradiction, whereas the gold la-
bel is Neutral, highlighting a discrepancy in how models and human annotators interpret
intentionality and evidence. These cases underscore the critical influence of annotation
subjectivity and contextual reasoning in NLI tasks.

Premise (EN) Hypothesis (EN) Gold Label Entailment Neutral Contradiction
He was one of the designers and
masterminds behind the most com-
plex aviation operation in the
world’s military history – Operation
H3 – and later received the Fajr
(Conquest) Medal from the Iranian
Air Force for this achievement.

The Iranian Air Force
was one of the best avi-
ation organizations in
the Middle East.

Contradiction 13 27 -

It’s as if even if 250,000 people died
elsewhere, they don’t want to tell
you. You know, they prefer to spend
more time working on a 105-year-
old cross-shaped shield than on any-
thing else.

A large number of peo-
ple died elsewhere.

Contradiction 35 5 -

While natural intelligence falls
within the 90 to 110 range, the 71
to 84 range is termed Borderline
Intellectual Functioning. These
individuals are not intellectually
disabled but show limited academic
achievement.

Borderline intelligence,
natural intelligence,
and emotional intelli-
gence are distinct types
of intelligence.

Contradiction 15 25 -

But such an exhibition would force
the museum to take a hard look
at its own role in the often-
controversial art world.

This museum did not
want to examine its role
in the art world too
closely.

Neutral - - 40

There were days when I’d wake up
and say to myself: ’Please God, let
me die.

I was suffering from se-
vere depression

Neutral 40 - -

Table 3.6: Examples where none of the models predicted the gold label.

Finally, building on the earlier sensitivity analyses, we conducted a manual review of
instances where the Claude-Opus-4 (the state-of-the-art model in our experiments) exhib-
ited non-zero sensitivity, resulting in 198 samples (26% of the entire dataset). To assess
annotation reliability, we compared the predictions on these samples with the human-
annotated gold labels. Among these, 94 (47.5%) involved Entailment, 82 (41.4%) Neutral,
and 22 (11.1%) Contradiction labels. Manual inspection revealed that 101 (51.0%) were
attributable to model misclassification relative to the gold label, while 97 (49.0%) were
attributable to issues in the gold dataset. 41 instances were relabeled, and 5 (2.5%) were
removed due to low quality or insufficient semantic content. The remaining disagreements
reflected borderline distinctions in inference rather than clear annotation errors (Table
3.7).

The comparison between Figure 3.1 and Figure 3.9 reveals a consistent improvement
across all evaluated models, with gains of up to several percentage points depending
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Figure 3.9: Accuracy comparison of six language models across eight prompt configura-
tions for NLI tasks after refining the gold dataset.

on the prompt variant. The improvement is particularly pronounced for closed-source
models such as Claude-Opus and GPT-4o, which already demonstrated higher baseline
performance. These models benefit more from removing mislabeled and ambiguous cases,
suggesting that their predictions were often correct but penalized by unreliable ground-
truth annotations. By contrast, open-weight models (Llama-3.3, Aya-23-35B, Qwen3-
30B) show smaller relative improvements.

Although this analysis demonstrates that part of the performance gap can be at-
tributed to imperfections in the gold dataset, we deliberately retained the original un-
modified dataset for subsequent experiments. This decision ensures that all downstream
evaluations, particularly those in Chapter 4 on synthetic data generation and fine-tuning,
remain directly comparable to prior benchmarks and faithfully reflect the challenges of
working with naturally noisy, human-annotated corpora.

3.3.5 Inter-Model Agreement: Cohen’s Kappa and Fleiss’ Kappa

Beyond individual model behavior, we additionally examine inter-model agreement pat-
terns to assess whether diverse families converge on consistent annotations or exhibit
systematic divergences in their interpretive frameworks. To quantify consensus across
different model families and prompt configurations, we employ two established statistical
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Premise Hypothesis Gold LLM Action

Relabeled Examples

The Byzantines took advantage
of the existing instability and
advanced their forces beyond
the region.

The Iranians were defeated
by the Byzantines outside
Malatya.

Entailment Contradiction Relabeled
(Neutral)

Iraqi officials reported that the
explosion resulted in significant
casualties in central Iraq.

Eight soldiers were killed in an
explosion at a munitions depot
in central Iraq.

Entailment Neutral Relabeled
(Contradic-
tion)

Removed Examples

”So what about me?” ”I feel the same way.” Entailment Neutral Removed (Low
Context)

Western Malaysia is referred to
as Sundaland in geographical
studies.

The Malay Peninsula and the is-
lands of Sumatra and Java are
located nearby.

Entailment Neutral Removed
(Ambiguous)

Kept (Ambiguous / Subjective)

Lincoln stared intently. The man winked. Contradiction Neutral Kept(Subjective)
Ehsan sat and watched the dust
rising in the distance as the rid-
ers moved away.

Ehsan watched three riders
as they gradually disappeared
from view.

Entailment Neutral Kept(Borderline)

Table 3.7: Representative examples from the 198 high-sensitivity cases. Relabeled cases
reflect corrected annotation inconsistencies; Removed cases lacked sufficient semantic con-
tent; Kept cases illustrate borderline inference distinctions.

measures of inter-annotator agreement. Cohen’s Kappa [22] assesses pairwise agreement
between two raters, while Fleiss’ Kappa [33] generalizes this framework to multiple raters,
both of which account for agreement expected by chance. In our experimental context,
these metrics transform our setup into a multi-annotator study, in which each model-
prompt combination serves as an independent rater. This approach allows us to measure
whether diverse LLMs converge toward a consistent interpretive framework for NLI or
exhibit fundamental divergences in their reasoning. Table 3.8 shows pairwise Cohen’s
Kappa scores across all prompt variants, revealing remarkable variation in alignment be-
tween models—from strong agreement (e.g., Claude-GPT-4o at 0.79) to weak consensus
(e.g., Aya-23-35B with other models). Figure 3.10 shows detailed per-prompt compar-
isons.
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gpt-4o gpt-4o-mini Llama3.3 Qwen3-30B Aya-23 Human
Claude-Opus-4 0.79 0.68 0.66 0.63 0.57 0.72
gpt-4o 0.71 0.64 0.62 0.54 0.69
gpt-4o-mini 0.70 0.73 0.62 0.63
Llama-3.3 0.78 0.73 0.61
Qwen3-30B 0.70 0.59
Aya-23 0.57

Table 3.8: Pairwise Cohen’s Kappa scores across all prompt variants, indicating the
degree of agreement between model predictions. Higher values reflect stronger alignment
in label choices across the full dataset. Claude and GPT-4o exhibit the highest agreement,
whereas Aya-23-35B shows lower agreement with the other models.

Table 3.9 shows the Fleiss’ Kappa scores across different models. To contextualize
our model agreement scores, we refer to the inter-annotator agreement reported in the
ParsiNLU annotation procedure [66], where three human annotators achieved a Fleiss’
Kappa of 0.77 on a randomly selected subset of 150 examples. Proprietary models con-
sistently achieve higher Fleiss’ Kappa scores across most prompt conditions, with partic-
ularly strong consensus (0.73). In contrast, the open-weight models’ best agreement is
0.69. The lower overall agreement when combining all models underscores fundamental
behavioral differences across model families, suggesting that model diversity introduces
substantial variation in NLI interpretation strategies. These findings indicate that both
model diversity and prompt design play critical roles in inter-model consistency, highlight-
ing the value of prompt sensitivity analysis when using ensembles or comparing model
outputs.
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Open-Models 0.65 0.63 0.69 0.69 0.61 0.59 0.68 0.69
Close-Models 0.65 0.68 0.72 0.73 0.69 0.65 0.70 0.70
All-Models 0.62 0.62 0.67 0.69 0.55 0.56 0.61 0.65

Table 3.9: Inter-model agreement (Fleiss’ Kappa) across prompt variants by model type.
The overall lower agreement for All-Models reflects the behavioral diversity between pro-
prietary and open-weight systems.

3.4 Discussion
This study set out to answer RQ1: How reliable are large language models when used as
automatic annotators in Farsi NLI? Our experiments decompose LLM annotation relia-
bility into three interacting dimensions—model family, prompt formulation, and bench-
mark quality—each contributing distinct failure modes. The key insights we elaborate
below demonstrate that while LLMs hold significant promise, their dependable deploy-
ment requires a nuanced understanding of their systematic failure modes and behavioral
instabilities.

Reliability Gaps Across Model Families. Our results demonstrate a clear reliability
hierarchy between model families. Proprietary (Close) models (Claude-Opus-4, GPT-4o)
exhibited significantly greater robustness, with roughly 25-30% lower sensitivity (Table
3.3) and better alignment between prediction stability and correctness (Figure 3.7). Sev-
eral factors plausibly contribute to this gap —instruction-tuning quality, training-data
scale and diversity, parameter count, and tokenization—though our experimental design
does not disentangle them. For practical deployment, this creates a cost-reliability trade-
off where proprietary models offer more reliable annotations despite their opacity and
cost, while open-weight models offer viable but noisier alternatives.
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Figure 3.10: Heatmap of pairwise Cohen’s kappa between all model–prompt configura-
tions

Prompt Design as a Key Reliability Factor. The substantial impact of prompt
formulation on annotation quality directly addresses the reproducibility concerns in us-
ing LLMs as annotators. Notably, we found that ordering (premise-hypothesis sequence)
induced greater prediction volatility than language choice or instruction style in terms of
sensitivity (Figures 3.4-3.6). However, language choice still influences overall accuracy—as
indicated in our grouped analyses by prompt language and style (Figure 3.1)—suggesting
that while structural consistency supports reliability, prompt language continues to play
a role in final performance. We hypothesize that the reduced labeling performance under
reverse ordering stems from training data conventions, particularly from consistent expo-
sure to sequences in which the premise precedes the hypothesis, though we cannot verify
this directly given the closed nature of most models’ training data. However, analysis
of the models’ reasoning on high-sensitivity samples reveals that LLMs are not relying
solely on surface-level heuristics but can access multiple, often independently defensible,
reasoning paths. Our chain-of-thought analysis demonstrates that the same model, when
given different prompts, can articulate distinct yet logically sound interpretations of the
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same premise-hypothesis pair. Some of the prompt-induced variability we observe may
reflect genuine ambiguity in the underlying examples—the same kind of ambiguity that
produces inter-annotator disagreement among humans. We do not test this hypothesis
directly here; a systematic comparison of LLM and human disagreement patterns on iden-
tical items is left to future work. However, we emphasize that not all prompt-induced
variation reflects legitimate interpretive flexibility; a substantial share likely reflects gen-
uine instability. Empirically distinguishing the two remains an open problem. The fact
that models can be steered towards these different valid interpretations through prompt
design suggests that some of what appears as instability may instead reflect a form of con-
textual reasoning flexibility—though, as noted above, this cannot account for all observed
variability.

The Neutral Class as a Reliability Challenge. Across all models and metrics, the
Neutral class exhibits the lowest consistency scores (Table 3.5) and highest confusion
rates (Figure 3.8), indicating that distinguishing partial from full Entailment remains the
central open challenge for LLM-based NLI annotation. This implies that Neutral classifi-
cations should be treated as lower-confidence predictions requiring additional verification
in annotation workflows.

Benchmark Quality as a Hidden Reliability Variable. Our analysis in section
3.3.4 revealed that approximately 49% of high-sensitivity cases involved noisy gold labels
or inherent ambiguities. After cleaning the dataset, we observed consistent performance
improvements across all models (Figure 3.9), with proprietary models showing the largest
gains, averaging 4-5 percentage points. This finding crucially reframes our understanding
of reliability: what appears as model instability may sometimes reflect legitimate dis-
agreement with problematic annotations. They also reinforce findings from prior works,
which show that human annotation disagreement is not merely noise but often reflects
systematic and valid differences in interpretation. For instance, Plank [102] argues that
many NLP datasets rely on an oversimplified notion of a single “ground truth” label,
despite the inherent ambiguity of language. Similarly, Jiang et al. [60] demonstrate that
label variation can be predictable and correlated with annotator perspectives, rather than
random error. In this context, the improvements observed after dataset cleaning suggest
that some disagreements in the original data may stem from inconsistent or low-quality
annotations, rather than genuine ambiguity. However, these findings also caution that
not all disagreement should be treated as noise, as it may reflect a distribution of valid
interpretations rather than a single correct label. This observation highlights the impor-
tance of dataset quality in low-resource settings, where the scarcity of qualified annotators
often leads to noisy or inconsistent labels. As a result, benchmark performance may re-
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flect annotation artifacts rather than the model’s true capability, calling for more careful,
nuanced evaluation.

3.5 Summary
In this chapter, we presented a comprehensive analysis of the reliability of LLMs as
annotators for the NLI task in Farsi. The findings confirm the critical dependence of
annotation reliability on prompt formulation, model family, and instruction language.
Overall, proprietary models are more robust; open models are less stable. Reliability is
strongly shaped by prompt design, especially input ordering and instruction language.
The Neutral class remains the main challenge, and much observed instability is driven by
dataset noise rather than true model failure. These results emphasize that reliable LLM-
based annotation requires not only careful model and prompt selection, but also critical
attention to benchmark quality and evaluation practices. In the following chapters, we
introduce our pipeline and examine how variations in LLM behavior, as influenced by
annotators, affect the downstream task.
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4
LLM-Driven Data Generation and Labeling at Scale

4.1 Introduction
In this chapter, we present a scalable LLM-based framework that unifies data genera-
tion and weak annotation into a single pipeline, enabling efficient creation of synthetic
datasets for low-resource languages and mitigating data scarcity. LLMs are capable of
producing examples that closely mimic human-written data—often with substantial cost
and time savings. In addition, generating data with LLMs can yield more diverse sam-
ples due to their probabilistic nature. Therefore, linguistic variations in such a dataset
are not limited by the coverage of hand-designed rules. Natural Language Understand-
ing (NLU) tasks, such as NLI, require deliberately constructed non-Entailment examples.
Prior work has relied on rule-based perturbation strategies to generate such examples: for
instance, Kryscinski et al. [68] applied sentence negation, entity swapping, and pronoun
replacement to create factually inconsistent summaries for training consistency classi-
fiers, while Glockner et al. [41] introduced lexical substitution-based perturbations to
probe NLI model robustness. Similarly, the ANLI dataset [93] employed human-in-the-
loop adversarial annotation, in which annotators manually craft hypotheses designed to
fool a target model—a process that, while producing high-quality challenge examples, is
inherently time-consuming and limited in scale. These perturbation-based and manual
annotation approaches share a common limitation: they rely on hand-crafted transforma-
tion rules or costly human effort, constraining both the diversity of the resulting negative
examples and the scalability of dataset construction.

LLMs have recently been leveraged to address this challenge by automatically gen-
erating such contrastive examples at scale. For instance, the TrueTeacher [37] pipeline
utilizes LLMs of varying capacities to produce millions of non-factual summaries (i.e.,
non-entailing) for training factual inconsistency classifiers. Beyond generating text, sev-
eral studies have explored LLMs as annotators that provide weak supervision signals in
place of costly crowdsourced labeling [40, 51, 28]. Other recent works have examined the
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impact of synthetic data on downstream tasks, showing that models trained on LLM-
generated data can approach or even surpass those trained on gold-standard annotations,
while also offering a scalable alternative to crowd-based labeling [65, 12].

Building on this paradigm, we propose a scalable, cost-effective, LLM-based pipeline
that uses large models for both generation and annotation of synthetic NLI datasets. Un-
like TrueTeacher, which focuses on NLI as an evaluation mechanism for factual consistency
in English summarization, our method applies the framework directly to NLI data creation
for Farsi. While our approach is designed to be task- and language-agnostic, we focus on
Farsi as a case study to demonstrate its effectiveness in a genuinely low-resource setting.
In total, in our experiments, our pipeline produces and labels over 100,000 sentence pairs,
providing a large-scale synthetic dataset for examining the reliability and transferability
of LLM-generated supervision. We further evaluate the utility of the resulting synthetic
data in downstream NLI tasks by training models on the generated dataset and analyzing
their performance across different data scales and annotation settings.

The remainder of this chapter is organized as follows. Section 4.2 introduces the
proposed LLM-driven pipeline, detailing its generation and annotation components, and
Section 4.3 discusses the case study on NLI data generation for Farsi. Section 4.5 describes
the experimental setup, including data preparation, models, and evaluation metrics. Sec-
tion 4.6 presents the empirical results and analysis of model performance across data
sizes and annotation sources. Finally, Section 4.7 discusses the broader implications of
our findings for synthetic data generation in low-resource settings and outlines potential
directions for future research.

4.2 Method
Our proposed framework is designed to generate synthetic data for any text classifi-
cation tasks involving two input texts, such as textual Entailment, summary verifica-
tion, question-answer verification, translation quality estimation, etc. An overview of
the proposed pipeline is shown in Figure 4.1. Our approach is conceptually inspired
by TrueTeacher [37], which used large language models as weak teachers to generate
factual-consistency labels for English summaries. In contrast, we extend this teacher-
based paradigm beyond factuality, applying it to large-scale synthetic data generation for
classification tasks in low-resource languages.

First, we use an LLM as a generator to generate pairs of texts Dgen, where each
pair consists of a preceding text (xp) and a succeeding text (xs). In the NLI task, xp

will be a premise and xs its candidate hypothesis; in summary verification, xp will be
a document and xs its candidate summary. In our framework, a generator LLM creates
candidate pairs by selecting good-quality source texts for (xp) and generating appropriate
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successors (xs) for the task at hand. Then by using an LLM as a judge, each pair in Dgen

will be annotated with the help of task-specific judgment instructions and generate a
labeled dataset Dlab, where,

Dlab = {(xp, xs, y) | (xp, xs) ∼ Dgen, y ∼ p(y | xp, xs)}

An annotator LLM generates the label y for a given pair of input texts x = (xp, xs)

according to the judgment instruction.

Figure 4.1: Synthetic data generation pipeline for classification tasks with two textual
inputs. An LLM, guided by task instructions, generates input pairs (x1, x2) from raw
text. A second LLM, prompted with judgment instructions, labels the pairs, producing
annotated triplets (x1, x2, y) for training.

The proposed pipeline is designed to be task-agnostic: it produces labeled text pairs
based on criteria (Instructions) that can be flexibly adapted to different downstream tasks.
Specifically, pairs labeled as entailed correspond to semantically consistent or valid out-
puts. Whereas generated samples labeled as negative serve as meaningful examples that
reflect real-world failure modes (e.g., hallucination, irrelevance). These curated negative
samples can support contrastive learning or reward-based training by helping models dis-
tinguish valid inferences from invalid inferences. For classification tasks such as NLI, all
labels are retained; for generative tasks such as question answering, summarization, or
translation, only entailed pairs are used to construct the dataset; and for contrastive or
robustness learning, non-entailed examples serve as negative samples.

4.3 Case Study: Data Generation for Farsi NLI
We generated synthetic Farsi data for the NLI task using the process described in Section
4.2. We first generated pairs of premises and hypotheses (Dgen) by using an LLM gener-
ator. Then we labeled these pairs with the Entailment, Contradiction, or Neutral classes
using an LLM annotator and generated Dlab, which is used in our NLI experiments.
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4.3.1 Premise and Hypothesis Generation

We begin our NLI data generation by selecting high-quality samples as premises. The
premises are drawn from the Farsi portion of the XLSum dataset [48], ensuring that they
are human-written and exhibit a natural linguistic distribution. Since the input texts in
XLSum are significantly longer than the samples in the gold-standard ParsiNLU dataset,
we apply a filtering process to extract shorter samples with a length distribution similar
to that of the gold dataset.

We then generate hypotheses by applying an LLM-based summarization model to the
selected premises. Here, our fundamental assumption is that the correct summaries of
premise samples will be their Entailment hypothesis, and incorrect summaries will be their
Contradiction or Neutral hypothesis. For hypothesis generation, we use the mT5-base
model, a multilingual variant of the T5 model [109], fine-tuned on Farsi human-annotated
summarization data [31]a. This domain adaptation enhances fluency and stylistic align-
ment with native Farsi text generation.

While directly prompting a large language model to generate hypotheses for different
classes is a straightforward approach, using mT5-base is more computationally efficient
and scalable, enabling cost-effective generation of large volumes of data.

Note that we did not select the best-performing summarization model for Farsi because
the incorrect summaries it generates are a valuable resource for generating contradictory
and Neutral hypotheses. At the same time, a too-weak model would yield low-quality
hypotheses that confuse the annotator LLM, increasing label noise and degrading the
dataset quality. Our choice, therefore, reflects a trade-off: sufficient model strength for
fluent, informative hypotheses, yet with a controlled error rate that still yields diverse
non-entailed cases.

To generate summaries, we adopt the standard T5-style prompt formulation, struc-
tured as: "summarize:" + {input_text}. We configure generation with a maximum
output of 100 tokens and employ beam search (beam size=2) to reduce variability and
mitigate hallucination. However, we observed that over 90% of the generated summaries
began with a news agency name (e.g., ISNA news wrote:), even when such attributions
were absent in the original text, indicating a bias inherited from pre-training on journal-
istic corpora. To mitigate this issue, we implemented a post-processing step to identify
and remove these prefixes while preserving the semantic integrity of the summaries. Ad-
ditionally, we observed that some of the hypotheses include various forms of noise such
as grammatical errors, hallucinated or fabricated content, unattributed paraphrases, and
shifts in style or formality. These noisy samples were retained in the dataset to enable
future filtering studies and robustness evaluations. We generated more than 100,000

areported metrics: ROUGE-L: 39.96, BERTScore: 79.54, average generation length: 48.72 tokens.
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premise-hypothesis pairs (Dgen), within approximately 6 hours on an A100 (80GB) GPU.
Samples of the generated hypotheses are shown in Figure 4.2. The generated summaries
naturally exhibit a mixture of Entailment, Contradiction, and Neutral relationships with
respect to their corresponding premises.

Figure 4.2: Sample premise–hypothesis pairs generated by the synthetic data pipeline
in Farsi, with English translations provided for clarity. The examples illustrate how
the summarization-based approach naturally produces Entailment, Contradiction, and
Neutral relationships.

Figure 4.3 presents the distribution of sentence lengths—measured by word count—for
both premises (left plot) and hypotheses (right plot), comparing the ParsiNLU training,
validation, and test splits. The gold splits exhibit consistent and overlapping distribu-
tions, indicating a well-stratified sampling process. Figure 4.4 shows that the generated
synthetic data (Dgen) exhibits a more pronounced right-skewed distribution for both
premises and hypotheses, indicating longer and more variable sentence lengths compared
to the ParsiNLU training set.
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Figure 4.3: Distribution of sentence lengths (in number of words) across gold-standard
dataset splits. On average, premise sentences are approximately 23 words long, while
hypotheses average around 11 words.

Figure 4.4: Distribution of sentence lengths for premise (left) and hypothesis (right) in
the synthetic and gold training datasets. On average, synthetic premise sentences are
approximately 33 words long, while synthetic hypotheses average around 19 words.

4.3.2 Labeled Data Generation

Premise-hypothesis pairs generated in the previous section are labeled as Entailment,
Contradiction, or Neutral by using a stronger annotator LLM to generate labeled NLI
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synthetic data. We selected one of the best-performing general-purpose language models,
GPT-4o-mini, as the annotator LLM for label generation. GPT-4o-mini offers a cost- and
latency-efficient option while retaining strong benchmark capability, making it practical
for large-scale labeling. Later in Chapter 5, we validate the robustness of our pipeline
towards other annotator LLMs by using an open-weight language model, Aya-23-35B, and
a small specialized NLI model, DeBERTa-NLI [72]. We use the GPT-4o-mini model with
the best prompt obtained (original_elaborate_en) from Chapter 3 b :

Annotation Prompt

You are a helpful assistant that evaluates whether a hypothesis can be inferred
from a premise. Answer using only one of the following labels:
Entailment, Contradiction, or Neutral. Do not explain. Premise:{premise}
Hypothesis:{hypothesis} Answer:

The generation is constrained by choosing only the specified tokens, in this case, the
class labels: Entailment, Contradiction, or Neutral c. We set the temperature to zero
to ensure deterministic outputs and minimize randomness in the model’s responses. Ad-
ditionally, we limit the maximum number of tokens generated to 5 to enforce concise,
single-label answers, ensuring the model strictly adheres to the required categorical re-
sponse format and avoids unnecessary text.

For the annotation of synthetic data, each labeling request consists of a prompt with
approximately 250 tokens, and these prompts were sent in bulk to OpenAI’s Batch API,
which allows requests to be sent asynchronously in batches at 50% lower cost (0.15 USD
per 1 million tokens)d. Requests submitted to OpenAI were fulfilled within 24 hours.

We generated over 100,000 labeled data samples, comprising approximately 65,000
Entailment, 32,000 Neutral, and 18,000 Contradiction instances. The label distributions
of the synthetic data and the ParsiNLU dataset are shown in Table 4.1. Figure 4.5
visualizes how the label distributions in the synthetic dataset changes as the dataset size
increases. The purpose of this analysis is to characterize the intrinsic bias of the generation
process: as the dataset grows, the proportion of Entailment, Neutral, and Contradiction
labels stabilizes, indicating a persistent skew toward Entailment that does not self-correct
with scale. This bias is not an artifact of small-sample variance but a property of the
mT5-based generation pipeline itself. This bias reflects that the mT5-base model tends to

bOther prompting strategies such as few-shot and chain-of-thought (CoT) were not used to maintain
consistency across all experiments in this thesis.

cConstraint sampling is a technique to filter the logits vector to keep only the tokens that meet the
constraints [57].

dhttps://openai.com/api/pricing/
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produce hypotheses that preserve the original meaning, resulting in a higher proportion
of entailed pairs. While using a smaller model, such as mT5-small, could generate more
non-entailed samples, we observed that the teacher model struggles to assign accurate
Neutral and Contradiction labels when the hypothesis is noisy. In this case, the labels
are more likely to be noisy, which degrades the datasets’ overall quality. However, high
Entailment rates remain advantageous for other downstream tasks—where only entailed
pairs are required.

Entailment Neutral Contradiction
GPT-4o-mini 65492 32865 18331
ParsiNLU (train) 275 241 234
ParsiNLU (validation) 104 87 78
ParsiNLU (test) 608 559 501

Table 4.1: Label distribution across synthetic and gold datasets.

Figure 4.5: Label distribution (%) across different synthetic dataset sizes. The distribu-
tion remains skewed toward Entailment as dataset size increases, reflecting a consistent
bias in the LLM-based summarization and labeling pipeline.

4.4 Lexical Analysis of Synthetic and Gold Data
Table 4.2 reports vocabulary statistics for the synthetic datasets at each scale alongside
the gold dataset. Unique token counts grow steadily with dataset size (22K at 5K exam-
ples to 87K at 50K), confirming that additional synthetic examples introduce genuinely
new vocabulary. Gold vocabulary coverage—the proportion of gold vocabulary present
in the synthetic data—grows from 62.6% at 5K to 79.2% at 50K, but with diminish-
ing returns beyond 20K. The Type-Token Ratio (TTR) of the synthetic data decreases
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monotonically with dataset size (0.135 at 5K to 0.053 at 50K), compared to 0.322 for
the gold premises. This gap is primarily a corpus-size artifact: with up to 155× more
examples, tokens naturally repeat more frequently in larger corpora. To isolate the size
effect, we computed TTR on a random size-matched subsample of 749 synthetic premises,
obtaining a TTR of 0.27—moderately below the gold TTR of 0.322. This modest gap
reflects the synthetic data’s reliance on a single journalistic source corpus (XLSum/BBC
Farsi), which introduces a degree of stylistic homogeneity compared to the manually cu-
rated gold dataset. Despite this, the consistently high gold vocabulary coverage across
all scales confirms that the synthetic data remains broadly aligned with the target lexical
distribution.

Size TTR Unique tokens Gold coverage

Prem. Hyp. Prem. Hyp. Prem. Hyp.

5K 0.135 0.102 22,527 9,732 0.626 0.618
10K 0.103 0.073 34,324 13,999 0.686 0.677
20K 0.077 0.052 51,657 20,067 0.738 0.733
30K 0.065 0.043 65,372 24,765 0.764 0.755
50K 0.053 0.034 87,674 32,306 0.792 0.782

Gold (749) 0.322 0.369 5,670 3,274 — —

Table 4.2: Lexical statistics across synthetic dataset sizes and gold data. TTR decreases
with size as a natural corpus-size effect. Unique tokens grow steadily, confirming vocab-
ulary expansion at each scale. Gold coverage reports the proportion of gold vocabulary
present in the synthetic data.

Figure 4.6 shows per-example vocabulary overlap ratios between premises and hy-
potheses, each dataset split, grouped by NLI class. Across all three classes, synthetic
distributions mainly match gold train, validation, and test distributions in both shape
and median, confirming in-domain lexical consistency. Entailment pairs show greater
overlap than Neutral and Contradiction pairs across all splits, consistent with the seman-
tic proximity inherent to entailing premise-hypothesis pairs.
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Figure 4.6: Lexical overlap ratios between premise and hypothesis across data sources.
Synthetic data shows higher overlap, especially for Entailment, indicating stronger lexical
similarity induced by summarization.

Figures 4.7 and 4.8 compare the textual properties of the synthetic and gold datasets
across NLI classes, focusing on the length of premise and hypothesis. Synthetic premises
and hypotheses are longer on average than their gold counterparts, with the difference
most pronounced for Entailment pairs.

Figure 4.7: Premise length distributions across synthetic and gold datasets, grouped by
label. Synthetic premises are generally longer, particularly in the Entailment class.
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Figure 4.8: Hypothesis length distributions for synthetic and gold data. Synthetic
hypotheses are longer overall, consistent with their origin as LLM-generated summaries
of the premise.

4.4.1 Human Evaluation on Synthetic Data Quality

We evaluate GPT-4o-mini annotation quality by comparing its labels against human an-
notations on 600 synthetic sentence pairs. The overall agreement between GPT and
human labels is 72.6%, with 436 matched cases and 164 mismatches. To guide the hu-
man annotation process, two annotators were explicitly instructed to evaluate Entailment
solely based on the textual content of the premise and hypothesis, without drawing on
commonsense reasoning or external world knowledge. Specifically, annotators were asked
to apply an according to test: given only the premise, does the hypothesis follow? This
instruction mirrors the attribution principle formalized in the AIS framework [111], which
defines a valid inference as one a generic reader would affirm when asked according to
the source, does this follow?— explicitly excluding background knowledge or real-world
assumptions beyond the text. Some of the samples on which LLM and humans disagree
are shown below. Manual inspection of disagreement cases reveals four recurring error
patterns:

• Referential ambiguity: GPT over-confidently resolves underspecified references,
such as ambiguous pronouns (“he”) or unnamed locations (“Isfahan”), leading to
unwarranted Entailment predictions.

• World knowledge interference: The model occasionally draws on external knowl-
edge not present in the premise, producing labels that reflect plausible inferences
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rather than textual Entailment.

• Entailment fuzziness: Subtle lexical substitutions blur the boundary between
Neutral and Contradiction, leading to borderline misjudgments.

• Agency misattribution: Confusion over speaker or actor identity causes incor-
rect Entailment assignments when the hypothesis shifts attribution relative to the
premise.

Synthetic Data

Premise: During the recent economic crisis, he asked the European Commission
to take more decisive action, intervene more in controlling member states’
economies, and at the same time guide countries toward closer integration.
Hypothesis: The President of the European Commission demanded greater
intervention in controlling member states’ economies.
Human: Neutral
GPT-4o-mini: Entailment→Reasoning: The premise states that "he asked
the European Commission to take more decisive action" and "intervene
more in controlling member states' economies." This implies that the
President of the European Commission is advocating for greater intervention,
which aligns with the hypothesis that he demanded greater intervention in
controlling member states’ economies. Therefore, the hypothesis can be inferred
from the premise.
Remark: There’s ambiguity about who "he" is, the hypothesis is plausible, but
not entailed or contradicted.
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Synthetic Data

Premise: City officials have stated that railway services will gradually return to
normal starting early Wednesday morning, and are expected to be operating at an
acceptable level by the end of the day.
Hypothesis: Isfahan railway services will return to normal starting early
Wednesday morning.
Human: Neutral
GPT-4o-mini: Entailment→Reasoning: The premise mentions that "railway
services will gradually return to normal" but does not specify which city’s
railway services are being referred to. While it is possible that Isfahan is included,
the information provided does not confirm it, making the hypothesis uncertain.
Remark: The location-specific detail (Isfahan) is not entailed by the premise.

Synthetic Data

Premise: Jared Kushner said that around $50 billion would be invested in the
region as part of this plan, creating many job opportunities in the West Bank and
Gaza.
Hypothesis: Venezuela’s Minister of Energy announced that the country intends
to invest $50 billion in the West Bank and Gaza to create many job opportunities.
Human: Neutral
GPT-4o-mini: Contradiction→Reasoning: The premise states that Jared
Kushner mentioned a $50 billion investment in the West Bank and Gaza, but
it does not indicate that this investment is coming from Venezuela’s Minister of
Energy. The hypothesis claims that Venezuela is making this investment, which
contradicts the information provided in the premise.
Remark: The model treats differences in named entities or specific details as
evidence of Contradiction, even when those details are not mutually exclusive.
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Synthetic Data

Premise: When they say John Kerry’s son-in-law, the U.S. Secretary of State, is
of Iranian descent, this cannot be without influence on his view of Iran and his
understanding of our country.
Hypothesis: The U.S. Secretary of State states that when they say he is of
Iranian descent, this cannot be without influence on his view of Iran and his
understanding of our country.
Human: Contradiction
GPT-4o-mini: Entailment→ Reasoning: The premise discusses the influence of
the U.S. Secretary of State’s Iranian descent on his views, but it does not state
that he himself makes this claim. The hypothesis suggests that the Secretary
of State explicitly states this influence, which is not confirmed or denied by the
premise. Therefore, we cannot definitively conclude that the hypothesis is true or
false based on the premise alone.
Remark: There is misattribution of identity and speaker.

These disagreements are consistent with challenges reported in human AIS annotation
studies, where annotators similarly struggle with referential ambiguity and named entity
underspecification despite explicit instructions to avoid world knowledge inference. Note
that the human and LLM annotation protocols were not fully aligned: human annotators
followed a structured AIS-based framework restricting inferences to textual evidence only,
whereas the LLM received a minimal zero-shot prompt without equivalent framing. This
asymmetry likely contributes to the observed disagreements.
To evaluate the fluency of the generated hypotheses, we implemented a structured annota-
tion protocol focused on native-level Farsi linguistic quality. Through manual evaluation
of randomly sampled hypotheses, we identified common error patterns in the generated
outputs and incorporated these insights into the prompt refinement process. Each hy-
pothesis was labeled as either Fluent or Not fluent—without intermediate categories or
additional explanations.

67



4.4. LEXICAL ANALYSIS OF SYNTHETIC AND GOLD DATA

Category Fluent Non-Fluent
Entailment 39670 16190
Neutral 18110 9308
Contradictions 8520 7499
Total ∼ 67k ∼33k

Table 4.3: Distribution of labels across Fluent and Non-fluent data

Fluency check prompt

System prompt: You are a helpful assistant to evaluate the fluency of text written in
Persian (Farsi).
User prompt: For the sentence below:

(1) Check if it is grammatically correct, coherent, and sounds natural to a native Persian
speaker. You should check for grammar issues, awkward phrasing, broken structure,
unclear meaning, hallucinated terms, unnatural repetition, logical errors, etc.

(2) Think carefully the meaning of the sentence before labeling.

(3) Label it as either: Fluent or Not fluent. Do not explain.

(4) Do not fix or rewrite the sentence; only label.

Sentence: {hypothesis}

Table 4.3 presents the distribution of Fluent vs. Non-fluent samples across NLI la-
bels. Approximately 67% of generated hypotheses were classified as fluent, indicating
reasonable overall quality. However, fluency varies systematically by label: Entailment
hypotheses are most fluent (71%), followed by Neutral (66%), with Contradiction hy-
potheses showing the lowest fluency (53%). This pattern directly reflects our generation
strategy. The mT5-base summarization model produces fluent, faithful summaries when
functioning correctly—these naturally correspond to Entailment labels. When the model
makes errors (hallucinations, factual mistakes, irrelevant content), outputs are both less
fluent and less faithful, yielding Contradiction or Neutral labels. Thus, generation errors
serve a dual purpose: they provide negative training examples and signal lower linguistic
quality.

Fluency further moderates agreement: for grammatically well-formed premise-hypothesis
pairs, agreement rises to 78.9%, whereas degraded or semantically vague pairs reduce
agreement to 62.1%. This 16.8 percentage-point gap indicates that annotation noise in the
synthetic dataset is concentrated in lower-quality generated hypotheses and that fluency-
based filtering could be an effective post-processing step to improve label reliability. We
note, however, that the fluency labels were themselves produced by an LLM-as-judge,
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so the fluency signal is approximate rather than ground-truth. We retain the dataset as
generated in order to evaluate the lower bound of its effect on downstream tasks, while
deferring improvements such as prompt engineering and refinement to future work.

Figure 4.9 shows the alignment between human-annotated labels and GPT-4o-mini’s
predictions on synthetic data. The Neutral class has the lowest recall and F1-score,
indicating the model frequently fails to identify these cases correctly.

Figure 4.9: Confusion matrix comparing GPT-4o-mini predictions with human-annotated
labels on a synthetic dataset of 600 samples.

4.5 Experimental Design

We used mT5 models (mT5-base and mT5-small) trained on the ParsiNLU training
dataset as our baseline NLI models following ParsiNLU benchmarks [66]. While we ac-
knowledge more capable models exist (e.g., reasoning-enhanced LLMs), we deliberately
selected smaller models without specialized reasoning capabilities as our baseline models
to isolate the impact of synthetic data quality from advanced model behaviorse.

mT5 is the multilingual variant of the T5 ("Text-to-Text Transfer Transformer")
[155]. It is a widely used multilingual encoder–decoder model with state-of-the-art perfor-
mance across many languages, including Farsi f. These models use short task prefixes to
distinguish task intentions. The text-to-text framework enables easier transfer learning
evaluation with the same model on a diverse set of tasks. For instance, for MNLI classifica-
tion, the input might take the form: "mnli hypothesis: I hate pigeons. premise:
My feelings towards pigeons are filled with animosity.", and the correspond-

eExploration of larger instruction-tuned models remains valuable future work, particularly for measur-
ing capability, scaling effects, and synthetic data utility in low-resource settings.

fmT5 training data includes approximately 52 billion tokens of Farsi text, representing 1.67% of its
total training data
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ing output is the target label: "Entailment". However, in such text-to-text formulations,
the decoder is prone to generating invalid labels outside the predefined label space. We
observed instances where the model produced erroneous outputs like "entaildiction", a
non-existent word that appeared to be a blend of "Entailment" and "Contradiction".
This behavior revealed limitations in sequence generation for label prediction, especially
when target labels spanned multiple sub-word tokens. This challenge might arise from the
large vocabulary size of the model (250k tokens), which leads to soft output distributions:
the model must select among all vocabulary items rather than only among three valid
class labels, increasing the likelihood of near-equal probabilities and misclassifications.
To mitigate these issues, we use mT5 for classification by adding a classification head
on top of the encoder. For sentence-level classification with mT5, the model utilizes the
encoder’s final hidden states. Each input sequence is expected to end with the special
< eos > token. The hidden state corresponding to the last < eos > token is extracted
and treated as the sentence representation. This representation is then passed through a
classification head to produce the final logits over the class labelsg. Although this design
sacrifices some of the model’s full capacity (Table 4.4), it aligns better with the nature of
classification task and yields more stable predictions.

Model Encoder-Decoder Encoder-Only
mT5-small 300M 172M
mT5-base 540M 390M

Table 4.4: Parameter counts for mT5-small and mT5-base in both
encoder-decoder and encoder-only variant with classification head

Hyperparameters: The initial experiment involved fine-tuning the model on the gold-
standard dataset. We used a learning rate of 1e−4 and a batch size of 32. Optimization
was performed using the Adam optimizer with β1 = 0.9, and β2 = 0.999. For regular-
ization, we applied a dropout rate of 0.3 on the classification head and a weight decay
of 0.01. We set encoder/decoder dropout to 0, as preliminary experiments showed this
drop-out degraded performance. To promote stable training and effective gradient flow,
we initialize the linear layers of the classification head using Xavier uniform initializa-
tion [42]. This helps prevent vanishing or exploding gradients during early training. In
addition, all bias terms are initialized to zero to avoid introducing random shifts in the
activations. We train for a maximum of 10 epochs, evaluate checkpoints on steps, and
choose the checkpoint with the best ROC-AUC (Receiver Operating Characteristic – Area

gThis is a standard class of T5 models: https://huggingface.co/docs/transformers/main/en/
model_doc/mt5#transformers.MT5ForSequenceClassification

70

https://huggingface.co/docs/transformers/main/en/model_doc/mt5#transformers.MT5ForSequenceClassification
https://huggingface.co/docs/transformers/main/en/model_doc/mt5#transformers.MT5ForSequenceClassification


4.5. EXPERIMENTAL DESIGN

Under the Curve) on the gold validation dataset. In multi-class classification, ROC-AUC
(One-vs-Rest) computes a separate ROC curve for each class against the rest, providing a
threshold-independent and class-sensitive performance measure. This allows us to assess
how well the model discriminates each class independently, making it particularly suitable
for selecting the most generalizable checkpoint across diverse training configurations.

Training Regimes and Evaluation: We applied the same fine-tuning procedure across
multiple training configurations, including:

• Fine-tuning solely on the synthetic dataset,

• Fine-tuning on a merged set of synthetic and gold-standard data,

• Warming up the model on synthetic data followed by further fine-tuning on gold
datah.

To address class imbalance during training, we employed a weighted loss function
that assigns higher importance to underrepresented classes. Furthermore, we created a
class-balanced subset of the synthetic dataset and repeated the experiments to isolate the
effects of label distribution from data volume. All models were evaluated on the held-
out test set derived from the ParsiNLU dataset, ensuring that the reported improvements
reflect actual generalization rather than alignment with the annotation model. To control
for variance due to stochastic initialization, we ran each experiment with five different
random seeds.

GPT-4o-mini zero-shot baseline: To provide the state-of-the-art baseline, we ad-
ditionally measure the zero-shot performance of GPT-4o-mini on the held-out test set.
Without any task-specific fine-tuning, GPT-4o-mini achieves an accuracy of 0.75 and a
macro-averaged F1 score of 0.74. Figure 4.10 presents the corresponding confusion ma-
trix. GPT-4o-mini performs strongly on Entailment (83.2% recall) and Neutral (93.5%
recall). However, Contradiction is the most error-prone class, with frequent confusion,
particularly toward Neutral class.

hTo complete the training regime comparison, we also evaluated a warmup on gold data followed by
synthetic training. This regime consistently underperforms the Synthetic → Gold ordering across both
model sizes, confirming that synthetic data is most effective as an initialization signal rather than a
fine-tuning target. Based on this observation, Gold → Synthetic experiments were not extended.
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Figure 4.10: Zero-shot classification performance of GPT-4o-mini on the ParsiNLU test
set.

4.6 Results
We examined to what extent the synthetic data generated by LLMs can improve the
performance on Farsi NLI, by comparing the performance of NLI classifiers trained on
the ParsiNLU gold training set with classifiers trained on synthetic data i.

4.6.1 Synthetic data size effect

We experimented with varying sizes of synthetic data to analyze the cumulative gain of
our synthetic data generation. We started from a subset of 5000 synthetic data samples
and incrementally added synthetic samples and generated different datasets with varying
sizes and balanced label distribution. We did our training and evaluation by using each
of these synthetic datasets and reported their performance scores.

Figure 4.11 presents the performance of mT5-small (top row) and mT5-base (bottom
row) models across three training strategies and increasing synthetic data sizes (from
5k to around 50k). We found that the cumulative gain from synthetic data is very
high when the synthetic dataset size is less than 10k (a steep increase in performance),
and after that, the gain is moderate (the performance curve is increasing slowly). If we
compare mT5-base and mT5-small, we can see that in mT5-base, a relatively larger model,
the performance improvement is plateauing; however, on mT5-small, the performance
is still increasing. This pattern can be attributed to the greater learning capacity of
the larger model: mT5-base is able to extract useful patterns from the synthetic data
more efficiently, reaching diminishing returns sooner. In contrast, mT5-small, with its

iWe were not able to reproduce the reported ParsiNLU benchmark results (0.51 for mT5-small and
0.57 for mT5-base) under our experimental setup on the gold dataset.
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more limited capacity, requires a larger volume of synthetic data to capture the same
distributional patterns, and thus continues to benefit from additional examples over a
wider range of dataset sizes. The lexical saturation observed in Section 4.4 suggests that,
beyond a certain scale, additional synthetic examples contribute less novel vocabulary
relevant to the gold distribution.

Figure 4.11: Performance of mT5-small and mT5-base models across increasing synthetic
data sizes (5k–50k samples) under three training configurations: synthetic-only (red), gold
+ synthetic merged (green), and synthetic warm-up followed by gold fine-tuning (blue)
. Shaded regions indicate 95% confidence intervals over five random seeds. All metrics—
weighted F1, accuracy, and ROC-AUC—improve with larger synthetic datasets, with the
synthetic→gold transfer achieving the highest and most stable performance across scales.

4.6.2 Training regime effect

From our experimental results in Figure 4.11, we observed that the third training regime,
i.e., warming up the model on synthetic data followed by further fine-tuning on gold
data (Synthetic→ Gold), achieves the overall best performance on all evaluation metrics.
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Moreover, one can see that this two-stage strategy (blue) consistently outperforms the
other two (red and green) for all dataset sizes. This indicates that our synthetic data is
particularly effective as a pre-training signal rather than as a direct replacement for gold
data.

For both model sizes, the synthetic-only model lags behind other setups, especially
at smaller data sizes, demonstrating limited generalization when synthetic data is used
in isolation. However, synthetic-only training outperforms gold-standard training. The
merged approach performs competitively in mid-range data sizes (e.g., 10k–30k) but tends
to plateau earlier, suggesting that a naive combination of synthetic and gold data may
dilute the value of gold supervision. In addition, the Gold → Synthetic setting performs
similarly to the merged scenario but falls short of the Synthetic → Gold curriculum, sug-
gesting that the order of training matters, with synthetic pre-training followed by gold
fine-tuning yielding the strongest performance. Notably, the performance gap between
training strategies is more pronounced for mT5-small, highlighting that smaller models
benefit more from structured training regimes (e.g., warmup followed by fine-tuning).
These results underscore the importance of designing training strategies, especially when
operating under resource constraints. Finally, we observed that the warm-up training
with synthetic data led to more stable optimization dynamics, characterized by smoother
gradient norms with lower magnitudes. This stability contributed to faster convergence,
with the best ROC-AUC scores often achieved within the early epochs of training. More-
over, the observed gains from the warm-up strategy suggest an implicit form of cur-
riculum learning, where exposure to large-scale, synthetically labeled examples precedes
fine-tuning on smaller, gold-standard data.
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Data Size ROC ACC Weighted-F1
Gold 750 0.603 ± 0.031 0.341 ± 0.004 0.287 ± 0.041

Synthetic(Ours)

5k 0.620 ± 0.046 0.408 ± 0.038 0.380 ± 0.038
10k 0.678 ± 0.018 0.444 ± 0.024 0.426 ± 0.031
20k 0.714 ± 0.020 0.464 ± 0.010 0.475 ± 0.009
50k 0.742 ± 0.008 0.494 ± 0.019 0.485 ± 0.021

Synthetic(Ours)
+ Gold

5k+750 0.653 ± 0.060 0.435 ± 0.073 0.422 ± 0.073
10k+750 0.704 ± 0.027 0.493 ± 0.014 0.487 ± 0.021
20k+750 0.731 ± 0.025 0.501 ± 0.022 0.495 ± 0.027
30k+750 0.733 ± 0.037 0.500 ± 0.026 0.495 ± 0.033
40k+750 0.740 ± 0.023 0.499 ± 0.032 0.489 ± 0.037
50k+750 0.744 ± 0.041 0.500 ± 0.015 0.490 ± 0.019

Synthetic(Ours)
→ Gold

5k→ 750 0.685 ± 0.019 0.466 ± 0.012 0.457 ± 0.016
10k→ 750 0.758 ± 0.013 0.519 ± 0.004 0.516 ± 0.008
20k→ 750 0.758 ± 0.009 0.522 ± 0.012 0.515 ± 0.016
50k→ 750 0.800 ± 0.051 0.564 ± 0.005 0.564 ± 0.005

Gold →
Synthetic(Ours)

750→ 50k 0.741± 0.011 0.504 ± 0.017 0.498 ± 0.008

Table 4.5: Performance of mT5-small across different dataset sizes (Gold, Synthetic
only, Synthetic+Gold, Synthetic→Gold, Gold →Synthetic). Scores are reported as mean
± 95% CI. Best results per section are highlighted in bold.
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Data Size ROC ACC Weighted-F1
Gold 750 0.621 ± 0.077 0.381 ± 0.099 0.353 ± 0.129

Synthetic(Ours)

5k 0.684 ± 0.023 0.473 ± 0.046 0.464 ± 0.043
10k 0.745 ± 0.021 0.515 ± 0.013 0.512 ± 0.013
20k 0.764 ± 0.012 0.524 ± 0.016 0.513 ± 0.018
50k 0.780 ± 0.013 0.531 ± 0.014 0.522 ± 0.016

Synthetic(Ours)
+ Gold

5k+750 0.678 ± 0.077 0.457 ± 0.066 0.441 ± 0.079
10k+750 0.730 ± 0.090 0.516 ± 0.056 0.512 ± 0.056
20k+750 0.756 ± 0.052 0.534 ± 0.051 0.529 ± 0.061
30k+750 0.767 ± 0.015 0.540 ± 0.026 0.536 ± 0.023
40k+750 0.758 ± 0.065 0.535 ± 0.064 0.530 ± 0.062
50k+750 0.781 ± 0.028 0.548 ± 0.046 0.542 ± 0.049

Synthetic(Ours)
→ Gold

5k→ 750 0.786 ± 0.010 0.550 ± 0.009 0.549 ± 0.011
10k → 750 0.794 ± 0.017 0.556 ± 0.020 0.556 ± 0.023
20k→ 750 0.806 ± 0.009 0.600 ± 0.015 0.599 ± 0.015
50k→ 750 0.812 ± 0.005 0.611 ± 0.008 0.612 ± 0.007

Gold →
Synthetic(Ours)

750→ 50k 0.782 ± 0.013 0.564 ± 0.014 0.562 ± 0.014

Table 4.6: Performance of mT5-base across different dataset sizes (Gold, Synthetic only,
Synthetic+Gold, Synthetic→Gold, Gold →Synthetic). Scores are reported as mean ±
95% CI. Best results per section are highlighted in bold.

While a direct comparison with the ParsiNLU benchmark is not strictly valid due to
architectural differences (our encoder-only setup versus their sequence-to-sequence formu-
lation), the relative improvements observed in our experiments are larger (Table 4.7). In
the ParsiNLU benchmark, 500k English NLI samples (SNLI) are incorporated by merg-
ing them with the gold data. In contrast, training with 50k synthetic samples in our
setting yields substantially larger gains, with improvements of +0.14 to +0.16 in the Syn-
thetic+Gold setting and +0.22 to +0.23 in the Synthetic→Gold curriculum, compared
to +0.05 to +0.06 when incorporating SNLI. In addition, these gains are achieved with
smaller models, suggesting that, in this setting, synthetic data in the target language can
be more effective than scaling with large external datasets.

Figures 4.12, 4.13, and 4.14 present the classification results across all three labels:
while models trained purely on synthetic data suffer from performance instability—
specially on subtle distinctions like Neutral—those trained with a synthetic followed by
gold fine-tuning consistently outperform other regimes across all classes. These findings
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Source Model Train Data Acc ∆

ParsiNLU

mT5-small (∼300M) Gold 0.51 –
SNLI(500k)+Gold 0.56 +0.05

mT5-base (∼540M) Gold 0.57 –
SNLI(500k)+Gold 0.63 +0.06

Ours

mT5-small (∼170M) Gold 0.34 –
Synthetic(50k)+ Gold 0.50 +0.14
Synthetic(50k)→Gold 0.56 +0.22

mT5-base (∼390M) Gold 0.38 –
Synthetic(50k)+ Gold 0.54 +0.16
Synthetic(50k)→Gold 0.61 +0.23

Table 4.7: Comparison with ParsiNLU benchmark. ∆ indicates improvement over the
gold-only baseline for each model.

provide compelling evidence that strategic integration of synthetic and gold-standard
data—specifically through sequential training phases rather than naive data merging—
represents the most effective approach.
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Figure 4.12: Entailment class performance for mT5-small (top row) and mT5-base (bot-
tom row) models across different synthetic data sizes (5k–50k) under three training
regimes: synthetic-only (red), gold + synthetic merged (green), and synthetic warm-
up followed by gold fine-tuning (blue). Shaded regions denote 95% confidence intervals
over five random seeds. Precision, recall, and F1 consistently improve with larger data,
with the Synthetic → Gold regime yielding the highest and most stable performance,
particularly in recall and overall F1.
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Figure 4.13: Contradiction class performance for mT5-small (top row) and mT5-base
(bottom row) models across increasing synthetic data sizes (5k–50k) under three training
regimes: synthetic-only (red), gold + synthetic merged (green), and synthetic warm-up
followed by gold fine-tuning (blue). Shaded regions denote 95% confidence intervals over
five random seeds. Precision and F1 improve steadily with larger data, while recall shows
higher variability across seeds. The Synthetic → Gold regime achieves the most consistent
and overall strongest performance, particularly for the mT5-base model.
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Figure 4.14: Neutral class performance for mT5-small (top row) and mT5-base (bottom
row) models across increasing synthetic data sizes (5k–50k) under three training regimes:
synthetic-only (red), gold + synthetic merged (green), and synthetic warm-up followed
by gold fine-tuning (blue). Shaded areas represent 95% confidence intervals across five
random seeds. Precision and F1 steadily improve with data size for both models, while
recall shows higher variance. The Synthetic → Gold training regime consistently achieves
the highest and most stable performance across metrics, indicating better generalization
and calibration for the Neutral class.

4.6.3 Effect of Balancing Label Distribution

The synthetic data generated by our pipeline was initially skewed towards Entailment
labels, and we balanced this dataset by filtering. Although we initially generated and
labeled more than 100,000 samples, filtering reduced this to around 50,000 balanced sam-
ples. One natural question here is what the impact of this balancing is. To address this
question, we conducted experiments by using the original dataset without balancing. For
a fair comparison with the balanced dataset with k samples, we selected the first k samples
from the original imbalanced dataset. We trained models using this imbalanced dataset
alongside the ParsiNLU train dataset and evaluated them on the ParsiNLU test dataset,
with the same training setting as in previous experiments. We plotted the performance
scores using this imbalanced dataset, along with the previous performance scores obtained
from the balanced dataset, in Figure 4.15.

80



4.7. DISCUSSION

From the results, we observed that models trained on imbalanced synthetic data
consistently underperform their balanced counterparts at smaller scales. However, im-
balanced training recovers at larger data sizes, suggesting that class imbalance has a
diminishing negative impact as overall volume increases. This has practical implications
for data curation strategies in low-resource settings: optimizing for balance may yield
greater returns than simply scaling volume.

Figure 4.15: Performance of mT5-small (top row) and mT5-base (bottom row) trained
on imbalanced and balanced synthetic datasets across increasing data sizes.

4.7 Discussion
The primary objective of our experiments was to assess the general utility of synthetic
data in low-resource languages; thus, we did not yet explore all aspects of data curation
strategies. Regarding coverage, the input data, sourced exclusively from XLSum’s BBC
news corpus, constrains the output to journalistic styles. This stands in contrast to the
gold dataset, which includes a more diverse range of linguistic styles. For label quality, we
relied solely on zero-shot prompting. However, more robust strategies, such as chain-of-
thought prompting, majority voting across different LLMs, or confidence-based filtering,
could improve label reliability. Our synthetic data pipeline inherits length constraints
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from the summarization model (mT5-base) used for hypothesis generation. To ensure
meaningful outputs, we excluded short premises (< 20 tokens) from the source corpus
during data creation. This design choice introduces a systematic bias toward longer
inputs in the synthetic dataset. Consequently, models trained on this distribution may
exhibit degraded performance when evaluated on shorter-premise examples—a form of
distributional shift that compromises generalization.

We observed that synthetic data is heavily skewed toward the Entailment class, sug-
gesting that the LLM predominantly generates summaries (hypotheses) faithful to the
context. Although smaller generator models, such as mT5-small, produce more non-
entailed hypotheses, the annotator model struggles to assign accurate Neutral and Con-
tradiction labels to these outputs, likely because lower-quality hypotheses introduce am-
biguity that the annotator cannot reliably resolve. This exposes a fundamental trade-off:
increasing class balance through noisier generation degrades label reliability, while pri-
oritizing label quality reinforces class skew. However, high Entailment rates can still be
beneficial for certain datasets. For instance, in tasks like summarization, paraphrasing,
or faithful sentence generation, the goal is not to distinguish between Entailment, Con-
tradiction, or Neutral, but rather to produce outputs that accurately reflect or preserve
the meaning of the original text.

4.8 Summary
In this chapter, we presented a modular, scalable pipeline for generating weakly supervised
NLI datasets using LLMs. Our approach demonstrates that even noisy, synthetic data can
yield performance gains when integrated appropriately into training workflows. Through
our case study in Farsi, we also highlighted practical challenges, including data curation,
class imbalance, distributional shifts, and the inherent fuzziness in Entailment judgments.
While synthetic data generation offers clear cost and scalability benefits, it also demands
careful design choices to ensure quality. In the next chapter, we will investigate the
impact of annotator model selection on downstream task performance, examining how it
influences the quality and utility of generated datasets.
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The Role of Label Quality

5.1 Introduction
Building on the demonstrated effectiveness of synthetic data for NLI in the previous
chapter, this chapter investigates a key dimension of synthetic data: annotation quality.
Chapter 4 established that LLM-generated data can improve model performance but did
not address how sensitive downstream performance is to the choice of annotator. As
shown in Chapter 3, LLMs can produce various annotations for the same data, raising
the question of how this variation affects downstream performance. Traditional human
annotation pipelines manage quality through annotator selection, training, guideline de-
sign, and adjudication. LLM-based annotation faces analogous challenges: model choice
and pre-training data, prompt design, and strategies for aggregating uncertain labels.
Understanding how these factors transfer through the synthetic data pipeline is impor-
tant to developing reliable and efficient data-generation methods. This chapter directly
addresses this question through a systematic investigation of the relationship between
the reliability of the LLM-annotator and the utility of synthetic data. We structure
this investigation around three key aspects. First, we move beyond treating LLMs as
a homogeneous class. To isolate the effect of annotator proficiency, we select models
with comparable performance on a gold-standard benchmark and evaluate the utility of
the synthetic data they produce on a downstream NLI task. This comparative analysis
includes both best-prompted generalist models and a specialized NLI model, allowing
us to dissect whether raw benchmark performance or inherent task specialization is a
stronger predictor of synthetic data quality. Second, we analyze the role of prompting.
Previous research, such as [51], has shown that prompt engineering can transform LLMs
such as GPT-3.5 into effective annotators that rival human crowdsourced work when
provided with sufficient guidance. However, it is not known how these prompt-induced
improvements translate into downstream task performance. What remains unclear is how
strongly annotation prompt choices translate into downstream model performance once
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the data is used for training. To quantify this, we explicitly investigate the effect by using
the same model with its best- and worst-performing prompts to generate datasets. The
worst-prompt condition is included not as a practical setting but as a lower-bound control
to examine the robustness of downstream training to degraded annotation quality. This
controlled setup isolates the effect of prompting, enabling us to quantify how annotation
quality affects downstream performance independently of the model. Third, we explore
the collective-annotation paradigm to enhance label quality, moving beyond single-shot
decisions. Inspired by human annotation, which leverages inter-subjective agreement, we
evaluate two strategies for aggregating model outputs. (1) a prompt-based ensemble,
which utilizes an ensemble across the responses generated by a single LLM to various
prompts; (2) a model-based ensemble, which entails aggregating responses from multiple
LLMs to a single prompt [143, 135].

The remainder of this chapter is organized as follows. In Section 5.2, we describe our
experimental design and provide the method we used. Section 5.3 presents our experi-
mental findings and discusses their implications in Section 5.4. Finally, in Section 5.5, we
summarize the findings.

5.2 Method
We systematically investigate how variations in LLM annotator quality influence down-
stream model performance by comparing synthetic datasets generated under controlled
quality conditions. To ensure a fair assessment, all training configurations—including hy-
perparameters, dataset sizes, and evaluation protocols—are kept constant, as described
in Chapter 4. We maintained the same 50,000 premise-hypothesis pairs across all ex-
perimental conditions, with only the annotation source varying. This controlled design
ensures that any performance differences observed in downstream tasks can be attributed
solely to annotation quality rather than to variations in input text. Our analysis considers
three complementary dimensions of labeling quality: model choice, prompt design, and
ensemble aggregation. Each of these factors is explained in the following sections.

5.2.1 Model Effect: General-Purpose vs Task-Specific Annotators

To assess how the choice of annotator affects downstream performance, we compare three
types of models that represent different points in the design space.

• GPT-4o-mini: A cost-effective state-of-the-art proprietary model serving as our
baseline.
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• Aya-23-35B: A leading open-weight multilingual model with explicit Farsi language
coverage.

• DeBERTa-based NLI model: A specialized task-specific model fine-tuned exclusively
for natural language inference using the approach described by [72]. The model was
trained on multiple NLI datasets, including MNLI, ANLI, and multilingual data.
The model achieves an accuracy of 0.74 on the ParsiNLU benchmark, comparable
to Aya-23-35B (0.76) and GPT-4o-mini (0.77).

This selection spans proprietary vs. open-weight, general-purpose vs. task-specific, and
varying computational requirements. For GPT-4o-mini and Aya-23-35B, we use their re-
spective best-performing prompt configurations identified in Chapter 3 to ensure optimal
performance. The DeBERTa model utilized its native classification head without prompt
engineering, consistent with its task-specific design. It also serves as a lightweight and
computationally efficient alternative to large-scale LLMs. This contrast is reflected in in-
ference cost: annotating the full dataset with Aya-23-35B requires approximately 2 hours
on 2 NVIDIA A100 GPUs, whereas DeBERTa completes the same task in roughly 10
minutes on a single RTX 3060 GPU.

5.2.2 Prompts Effect: Within-Model Impact on Downstream Performance

Building on the reliability analysis established in Chapter 3, we investigate how prompt-
induced performance variations propagate to downstream task performance by evaluating
Aya-23-35B under two contrasting prompt conditions:

• Aya-best: Uses the optimal prompt configuration (original_elaborate_en) that
achieved 0.76 accuracy.

• Aya-worst: Uses the most problematic prompt (reverse_concise_fa) that yielded
only 0.61 accuracy.

This controlled comparison enables precise measurement of how prompt quality—independent
of model, architecture, and capacity—affects the utility of synthetic training data. By
holding the model constant while varying only the prompt formulation, we isolate the spe-
cific impact of prompt design choices on downstream learning outcomes. The substantial
performance gap between these conditions (15 percentage points in accuracy) provides
a clear test case for whether prompt-induced differences in annotation quality translate
into measurable downstream effects.

5.2.3 Ensemble Effect: Quality Optimization Strategies

Based on the findings in Chapter 3, we observe variability at both the model and prompt
levels, with differences in agreement with human annotations and in class-wise sensitiv-
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ity and consistency. Chapter 3 showed that different models excelled on different label
classes and that prompt phrasing materially shifted agreement with human annotators—
suggesting that no single model-prompt configuration is uniformly optimal. We there-
fore examine whether aggregation strategies could mitigate individual annotator limi-
tations and improve overall label quality. We implement two complementary ensemble
approaches:

• Prompts ensemble(Aya-23-35B): Majority voting across eight prompt variants, lever-
aging the model’s diverse behavioral profiles under different prompting conditions.
On the ParsiNLU dataset, this approach achieves an accuracy of 0.76, comparable
to the best single-prompt configuration. For further analysis, we extend this setup
by applying prompt-variant aggregation to all models. This allows us to examine
whether the relationship observed for Aya-23-35B—where ensemble performance
matches the best individual prompt—holds consistently across different models.

• Open-model ensemble: Majority voting across three open-weight models, capturing
model family diversity and complementary strengths. On ParsiNLU, the Models-
ensemble achieves the highest overall accuracy (0.79), exceeding the performance of
the strongest individual model, which attains an accuracy of 0.77.

By comparing ensemble performance with single-model baselines, we can quantify
the potential gains from multi-annotator aggregation and identify scenarios where down-
stream performance improvements justify the additional computational overhead of en-
semble methods.

5.3 Results

5.3.1 Annotator Bias: Label Distribution Shifts Across Models and Prompts

Starting from the balanced 50k subset labeled by GPT-4o-mini in Chapter 4, we re-
annotated the same premise–hypothesis pairs with different additional configurations to
isolate the effect of annotator choice on label distribution. We compare four single-
annotator configurations—GPT-4o-mini, Aya-23-35B under its best- and worst-performing
prompts from Chapter 3, and DeBERTa-NLI—alongside two ensemble strategies that ag-
gregate across prompts and across models, respectively. Table 5.1 reports the resulting
class counts on the 50k-sample synthetic dataset.

While GPT-4o-mini’s original annotations showed a natural skew toward Entailment,
we used the balanced subset from Chapter 4 (16k examples per class) to maintain exper-
imental consistency and enable direct comparison across chapters. However, Aya-23-35B
under its optimal prompt configuration exhibited Entailment skew (25k Entailment vs.

86



5.3. RESULTS

Model Entailment Neutral Contradiction
GPT-4o-mini (best-prompt) 16k 16k 16k
Aya-23-35B (best-prompt) 25k 16k 8k
Aya-23-35B (worst prompt) 39k 6k 5k
DeBERTa-NLI 20k 18k 11k
Prompts-ensemble 28k 12k 9k
Models-ensemble 16k 19k 14k

Table 5.1: Label distribution across synthetic datasets generated by different annotator
configurations. Notable variations in class balance reflect model-specific annotation bi-
ases.

16k Neutral and 8k Contradiction). This imbalance becomes particularly pronounced
under suboptimal prompting, with the worst-prompt condition producing severe Entail-
ment dominance (39k examples) and drastic underrepresentation of Contradiction (5k)
and Neutral (6k) classes. The DeBERTa model demonstrated a more moderate skew
toward Entailment (20k) while maintaining better representation of Neutral (18k) and
Contradiction (11k) classes, achieving a moderate agreement of 0.55 with GPT-4o-mini.

Figure 5.1 presents a pairwise comparison of label alignment between GPT-4o-mini
and other annotators: Aya-worst, Aya-best, and DeBERTa-NLI across the three NLI
classes. The Aya-worst model exhibits a strong bias toward Entailment, producing highly
skewed predictions and limited coverage of the Neutral and Contradiction classes. This
confirms that suboptimal prompting can reduce the diversity and informativeness of syn-
thetic labels. By contrast, Aya-best shows substantially improved alignment with GPT-
4o-mini across all three classes, particularly in the Neutral category, indicating that better
prompts yield more balanced, semantically grounded annotations. The DeBERTa-NLI
model, while not instruction-tuned and substantially smaller, exhibits decent agreement
with GPT-4o-mini.
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Figure 5.1: Comparison of pairwise confusion matrices between GPT-4o-mini and other
annotators (Aya-worst, Aya-best, and DeBERTa-NLI) across NLI classes. GPT-4o-mini
and Aya-best show the strongest alignment, especially for Entailment and Neutral. Aya-
worst and DeBERTa-NLI display larger off-diagonal errors, indicating greater divergence
in annotation behavior and decision boundaries.

Aggregating eight prompt variants of the same model (Aya-23-35B) yields a distribu-
tion of 28k Entailment, 12k Neutral, and 9k Contradiction—slightly more skewed toward
Entailment than Aya’s single best-prompt configuration (25k / 16k / 8k). This is consis-
tent with the prompt-sensitivity analysis in Chapter 3: Aya-23-35B exhibits lower prompt
sensitivity on Entailment and higher class-internal consistency for Entailment than for
Neutral, meaning its predictions on Entailment examples are stable across prompt vari-
ants while its Neutral predictions are not. Majority voting across prompt variants there-
fore reinforces a systematic, model-specific tendency to over-predict Entailment, and the
high confusion between Neutral and Entailment observed in Figure 3.8 amplifies rather
than corrects this imbalance. The prompts-ensemble result is consistent with the ob-
served mean pairwise agreement (≈ 0.75) and Cohen’s κ values ranging from 0.65 to 0.85
across the eight prompt variants (Figure 3.10). Given this relatively high agreement,
majority voting across prompts provides limited additional information and is therefore
unlikely to resolve systematic disagreements between prompt formulations. As a result,
the prompts-ensemble shows relatively low agreement with GPT-4o-mini (0.44), indicat-
ing that aggregation does not improve alignment with the reference annotator.

The cross-model ensemble—combining Aya-23-35B, Qwen3-30B, and Llama-3.3-70B
—produces the most balanced distribution observed in this study (16k / 19k / 14k), close
to GPT-4o-mini’s reference distribution. This behavior is consistent with the observa-
tions in Chapter 3: Qwen3-30B and Llama-3.3-70B exhibit similar per-class behavior and
achieve stronger performance on the Contradiction class compared to Aya-23-35B (Fig-
ure 3.2). In addition, under their best prompt configurations, Qwen3-30B and Llama-3.3-
70B show substantially higher agreement with GPT-4o-mini (≈ 0.80) than Aya-23-35B
(≈ 0.60) (Figure 3.10). Their complementary strengths help counteract Aya’s tendency
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toward Entailment, resulting in a more balanced overall label distribution under major-
ity voting. Consistent with this, the model ensemble achieves agreement of 0.68 with
GPT-4o-mini on the synthetic dataset, indicating improved alignment relative to Aya
alone. Furthermore, inter-annotator agreement among the three open models, measured
by Fleiss’ κ, decreases from 0.69 on the gold-standard data (Table 3.9) to 0.50 on the
synthetic data, indicating that LLM-generated examples introduce additional ambiguity
and reduce labeling consistency.

The asymmetry between the two ensemble strategies is also visible at the per-example
level (Figure 5.2). The model-ensemble achieves substantially higher per-example agree-
ment (74% diagonal mass) and produces a roughly symmetric off-diagonal pattern, in-
dicating that disagreements are distributed across classes rather than concentrated in
one direction. The prompts-ensemble, by contrast, exhibits a strongly asymmetric error
pattern, with a large proportion of Neutral and Contradiction examples misclassified as
Entailment.

Figure 5.2: Comparison of pairwise confusion matrices between GPT-4o-mini and other
annotators (Prompts-ensemble and Models-ensemble) across NLI classes. GPT-4o-mini
and Models-ensemble exhibit the strongest alignment, especially for Entailment and Neu-
tral. Prompts-ensemble is highly skewed toward Entailment.

These observations have several implications for synthetic dataset construction: (i)
label distributions are highly sensitive to annotator choice and prompt formulation; (ii)
prompt-induced biases can exacerbate class imbalance, particularly for minority classes
such as Contradiction; and (iii) disagreement across annotators suggests that relying on
a single model may introduce systematic labeling bias, motivating the use of multi-model
aggregation.
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5.3.2 Prompt-Variant Insights Across Models

We assess ensemble methods across prompt variations on ParsiNLU, analyzing how aggre-
gation strategies mitigate individual prompt limitations and improve overall annotation
stability. Table 5.2 presents the accuracy of each model under eight distinct prompt
configurations, alongside the ensemble performance. For cases without a clear majority,
we used random tie-breaking to ensure unbiased aggregation. The ensemble approach
consistently delivers competitive results, often matching or exceeding the best individual
prompt performance for each model.
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Aya-23-35B 0.64 0.68 0.61 0.64 0.76 0.75 0.70 0.71 0.76
Qwen3-30B 0.70 0.69 0.68 0.65 0.77 0.76 0.74 0.75 0.77
Llama3-70B 0.71 0.70 0.69 0.71 0.77 0.77 0.74 0.78 0.79
GPT-4o-mini 0.73 0.70 0.72 0.68 0.77 0.77 0.76 0.75 0.80
GPT-4o 0.76 0.74 0.75 0.75 0.76 0.79 0.76 0.76 0.82
Claude-Opus-4 0.76 0.74 0.76 0.76 0.79 0.81 0.82 0.83 0.83

Table 5.2: Accuracy of different models under prompt variations with Prompts-ensemble
on the ParsiNLU (train) dataset. Results are reported for reverse/original, elaborate/-
concise, and English/Persian prompts. The last column shows ensemble accuracy using
Models-ensemble with a random tie-break. The number of tied cases is 63, 60, 50, 51, 43,
and 32, respectively. Best individual prompt scores are underlined, and the overall best
scores are highlighted.

Figure 5.3 illustrates the relationship between individual prompt agreement with
majority-vote labels and accuracy on the gold dataset across all eight prompt variants
for each model. Across all models, higher agreement with the ensemble is associated
with the prompt with higher gold accuracy. This relationship is most pronounced for
Claude-Opus-4 (r=0.96) and remains substantial for Aya-23-35B (r=0.87) and Llama3-
70B (r=0.80), indicating that majority-vote agreement serves as an excellent proxy for
accuracy in these architectures. GPT-4o-mini (r=0.55) and GPT-4o (r=0.51) exhibit
moderate correlations, while Qwen3-30B demonstrates the weakest relationship (r=0.46),

90



5.3. RESULTS

reflecting greater performance variability across prompt conditions.
A key implication of these findings is that for most models, the prompt variant with

the highest agreement with the ensemble majority vote is also the most accurate. This
provides a practical method for selecting optimal prompts when gold labels are unavail-
able.

Figure 5.3: Correlation between prompt-level agreement with majority-vote labels and
gold-standard accuracy across eight prompt variants for each model. Strong positive
correlations for Claude-Opus-4 (r=0.96), Aya-23-35B (r=0.87), and Llama3-70B (r=0.80)
indicate that ensemble agreement serves as a reliable proxy for annotation quality. In
contrast, weaker correlations for GPT variants (r=0.51-0.55) and Qwen3-30B (r=0.46)
reflect greater prompt-induced performance variability. Least-squares regression lines
and Pearson correlation coefficients demonstrate the strength of the relationship for each
model family.

5.3.3 Downstream Impact of Annotation Choices

We trained student models (mT5-small and mT5-base) on the synthetic data generated
using Aya-23-35B under best and worst prompts and the DeBERTa models, as well
as ensemble-based annotations, including the prompts-ensemble (Aya-23-35B) and the
models-ensemble with the same settings as Chapter 4. To mitigate the effects of class
imbalance across annotators, we used a weighted loss function during training. To es-
tablish a lower bound on performance, we included a random-labeling condition in which
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labels were assigned according to the class distribution observed in the gold-standard
dataset. This baseline helps contextualize the quality spectrum from completely random
annotations to optimized ensemble strategies.

Figures 5.4, 5.5, and 5.6 show the accuracies and weighted F1 scores for each model
under three training regimes. The first observation is that prompt-induced annotation
noise measurably propagates into downstream performance, and the magnitude of the
effect depends on both model scale and training regime. For mT5-small in the synthetic-
only setting, the gap between Aya-best and Aya-worst is 8 points; this gap shrinks to 6
points when gold data is added and to 4 points when gold fine-tuning follows synthetic
training. The same pattern is more pronounced in mT5-base, where the gaps are 13, 12,
and 4 points, respectively. The larger model is more sensitive to upstream annotation
quality—a finding consistent with prior work on noise-capacity interactions in language
models—but in both cases gold fine-tuning attenuates rather than eliminates the cost
of poor annotation. The second observation is that this gap is not driven solely by the
model architecture. DeBERTa-NLI, despite being orders of magnitude smaller than the
open-weight LLMs and not relying on prompt engineering, produces synthetic data that
performs within 2 percentage points of GPT-4o-mini and Aya-best across all training
regimes. This suggests that for NLI annotation, task-specific training of a small model
can substitute for scale and prompt optimization in a frontier LLM.

The two ensembling strategies yield comparable downstream performance in the synthetic-
only and synthetic+gold regimes, with differences of approximately one percentage point
across both mT5 scales. Under synthetic → gold fine-tuning, however, mT5-small treats
them identically (0.544 prompts-ensemble vs. 0.550 model-ensemble accuracy), while
mT5-base shows a clear preference for the prompts-ensemble (0.613 vs. 0.591 for model-
ensemble). Tables 5.3 and 5.4 provide detailed results.
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Figure 5.4: Performance of mT5-small and mT5-base under Synthetic training regimes
and annotator quality conditions. Bar plots show Accuracy and Weighted F1 (mean ±
95% CI) for each model. For both model sizes, random or low-quality annotations (Aya-
worst) yield substantially lower scores, confirming the importance of annotation quality.

Figure 5.5: Performance of mT5-small and mT5-base under Synthetic(Ours)+Gold train-
ing regimes and annotator quality conditions. Bar plots show Accuracy and Weighted
F1 (mean ± 95% CI) for each model. In the mT5-small model, the Aya-best annotator
consistently outperforms all other conditions. In contrast, for mT5-base, the Models-
ensemble and DeBERTa-NLI annotators achieve performance comparable to Aya-best.
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Figure 5.6: Performance of mT5-small and mT5-base under Synthetic(Ours)→ Gold train-
ing regimes and annotator quality conditions. Bar plots show Accuracy and Weighted
F1 (mean ± 95% CI) for each model. Under synthetic → gold fine-tuning, mT5-small
treats prompts-ensemble and model-ensemble annotators near-identically, while mT5-base
shows a clear preference for the prompts-ensemble over the model-ensemble.
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Data ROC ACC Weighted-F1
Gold 0.603 ± 0.031 0.341 ± 0.004 0.287 ± 0.041
Synthetic(Ours)

Random 0.564 ± 0.018 0.340 ± 0.024 0.191 ± 0.036
Aya-worst 0.693 ± 0.011 0.413 ± 0.021 0.312 ± 0.052
DeBERTa-NLI 0.661 ± 0.043 0.462 ± 0.020 0.427 ± 0.032
Aya-best 0.720 ± 0.022 0.496 ± 0.016 0.480 ± 0.002
GPT-best 0.744 ± 0.006 0.480 ± 0.002 0.496 ± 0.016
Prompts-ensemble 0.734 ± 0.011 0.504 ± 0.013 0.490 ± 0.022
Models-ensemble 0.714 ± 0.008 0.501 ± 0.012 0.490 ± 0.011

Synthetic(Ours)+Gold
Random 0.522 ± 0.011 0.315 ± 0.028 0.199 ± 0.026
Aya-worst 0.718 ± 0.029 0.465 ± 0.027 0.406 ± 0.057
DeBERTa-NLI 0.719 ± 0.028 0.493 ± 0.042 0.479 ± 0.061
Aya-best 0.754 ± 0.019 0.530 ± 0.014 0.522 ± 0.019
GPT-best 0.744 ± 0.041 0.500 ± 0.015 0.490 ± 0.019
Prompts-ensemble 0.711 ± 0.058 0.486 ± 0.054 0.444 ± 0.103
Models-ensemble 0.731 ± 0.034 0.503 ± 0.006 0.498 ± 0.007

Synthetic (Ours) → Gold
Random 0.545 ± 0.041 0.358 ± 0.004 0.234 ± 0.010
Aya-worst 0.756 ± 0.007 0.515 ± 0.006 0.513 ± 0.003
DeBERTa-NLI 0.747 ± 0.006 0.542 ± 0.012 0.539 ± 0.010
Aya-best 0.776 ± 0.051 0.558 ± 0.008 0.560 ± 0.009
GPT-best 0.800 ± 0.051 0.564 ± 0.005 0.564 ± 0.005
Prompts-ensemble 0.760 ± 0.006 0.544 ± 0.003 0.542 ± 0.003
Models-ensemble 0.751 ± 0.006 0.550 ± 0.004 0.548 ± 0.004

Table 5.3: mT5-small performance across annotator quality spectrum and training
regimes using 50k synthetic data. Results demonstrate the impact of annotation quality
from random labels to ensemble methods across three training scenarios: synthetic-only,
combined synthetic+gold, and synthetic pre-training followed by gold fine-tuning. Per-
formance metrics (ROC-AUC, Accuracy, Weighted F1) are reported as mean ± 95%
confidence intervals, revealing systematic quality gradients from weakest to strongest an-
notators.
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Data ROC ACC Weighted-F1
Gold 0.621 ± 0.077 0.381 ± 0.099 0.353 ± 0.129
Synthetic(Ours)

Random 0.568 ± 0.012 0.334 ± 0.014 0.210 ± 0.043
Aya-worst 0.732 ± 0.027 0.426 ± 0.026 0.331 ± 0.063
DeBERTa-NLI 0.738 ± 0.044 0.505 ± 0.029 0.481 ± 0.045
Aya-best 0.788 ± 0.033 0.555 ± 0.027 0.557 ± 0.022
GPT-best 0.777 ± 0.020 0.529 ± 0.026 0.519 ± 0.030
Prompts-ensemble 0.785 ± 0.012 0.562 ± 0.013 0.557 ± 0.013
Models-ensemble 0.774 ± 0.006 0.552 ± 0.013 0.548 ± 0.013

Synthetic(Ours)+Gold
Random 0.573 ± 0.024 0.388 ± 0.003 0.334 ± 0.015
Aya-worst 0.748 ± 0.039 0.470 ± 0.089 0.410 ± 0.162
DeBERTa-NLI 0.794 ± 0.018 0.583 ± 0.022 0.582 ± 0.023
Aya-best 0.804 ± 0.011 0.591 ± 0.021 0.587 ± 0.022
GPT-best 0.761 ± 0.028 0.548 ± 0.046 0.542 ± 0.049
Prompts-ensemble 0.781 ± 0.012 0.576 ± 0.012 0.572 ± 0.011
Models-ensemble 0.809 ± 0.009 0.582 ± 0.021 0.582 ± 0.022

Synthetic (Ours) → Gold
Random 0.595 ± 0.011 0.390 ± 0.002 0.358 ± 0.012
Aya-worst 0.798 ± 0.009 0.571 ± 0.007 0.568 ± 0.009
DeBERTa-NLI 0.812 ± 0.003 0.603 ± 0.008 0.602 ± 0.007
Aya-best 0.835 ± 0.006 0.614 ± 0.007 0.614 ± 0.007
GPT-best 0.812 ± 0.005 0.611 ± 0.008 0.612 ± 0.007
Prompts-ensemble 0.836 ± 0.003 0.613 ± 0.009 0.612 ± 0.010
Models-ensemble 0.808 ± 0.007 0.591 ± 0.005 0.591 ± 0.005

Table 5.4: mT5-base performance across annotator quality spectrum and training regimes
using 50k synthetic data. Results demonstrate the impact of annotation quality, from
random labels to ensemble methods, across three training scenarios: synthetic-only, syn-
thetic+gold, and synthetic pre-training followed by gold fine-tuning. Performance metrics
(ROC-AUC, Accuracy, Weighted F1) are shown as mean ± 95% confidence intervals, re-
vealing systematic quality gradients from weakest to strongest annotators.

Per-Class Results

To better understand how annotation quality affects model behavior across different
classes, we examine the per-class results for Entailment, Neutral, and Contradiction.
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Figures 5.7 and 5.8 show the detailed per-class Precision, Recall, and F1 scores for the
mT5-small and mT5-base models in the sequential training regime.

Entailment Both models achieve the best Entailment performance when trained on
high-quality annotations. For mT5-small, the effects of annotation quality are evident
in the spread between systems. Models trained on Aya-best and GPT-4o-mini achieve
precision of 0.58–0.60 and balanced recall, yielding F1 scores near 0.58. In contrast,
Aya-worst yields lower precision and greater confidence intervals. DeBERTa-NLI and
Prompts-ensemble achieve intermediate but stable results, suggesting that model-based
or ensemble-derived labels provide reasonably consistent supervision, albeit slightly less
precise.

For mT5-base, the same pattern persists but with clearer separation among annota-
tors. Models trained on Aya-best and GPT-4o-mini achieve higher precision, confirm-
ing that annotation quality directly strengthens Entailment discrimination. Prompts-
ensemble matches the stronger systems on average but displays wider uncertainty, con-
sistent with variability in its aggregated labels.

Neutral Unlike Entailment, where gains are primarily seen in precision, the Neutral
class exposes differences in recall and overall balance across annotators. High-quality la-
bels from Aya-best, GPT-4o-mini, and DeBERTa-NLI consistently yield smoother precision–
recall trade-offs, while noisier sources such as Aya-worst introduce confusion between Neu-
tral and Entailment examples. For mT5-small, models trained on Aya-best and GPT-4o-
mini achieve balanced precision and recall, indicating that these annotators provide con-
sistent boundary examples in which Neutrality is properly preserved. Prompts-ensemble
and DeBERTa-NLI offer intermediate results with smaller confidence intervals, indicating
reliable but slightly less refined representations of Neutrality.

For mT5-base, the same trend is observed, but the distinction among annotators
becomes more pronounced. Aya-best achieves the highest recall and a strong F1 score,
indicating that its synthetic labels provide clearer signals for Neutral inference boundaries.
GPT-4o-mini and Prompts-ensemble follow closely, showing stable, consistent results with
similar recall and precision.

Contradiction Across both models, Contradiction appears to be the most robust class
to annotation variability. In mT5-small, Aya-worst performs on par with others, suggest-
ing that smaller models are less sensitive to annotation noise. However, in mT5-base, the
difference becomes more pronounced, and Aya-worst shows greater variance. This pattern
indicates that larger models, being more discriminative, also amplify the effects of poor
annotation quality, revealing limitations that smaller models tend to smooth over.
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Figure 5.7: Per-Class Performance of mT5-small (Synthetic → Gold) across annotator
quality conditions.
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Figure 5.8: Per-Class Performance of mT5-base (Synthetic → Gold) across annotator
quality conditions.

Tables 5.5 and 5.6 provide the detailed reports on classification.
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Metric Aya-worst Aya-best GPT-4o-mini DeBERTa-NLI Prompts
ensemble

Models
ensemble

Entailment

Precision 0.51± 0.02 0.58± 0.02 0.60 ± 0.08 0.588 ± 0.044 0.564± 0.022 0.580±0.017
Recall 0.45± 0.074 0.59 ± 0.01 0.55± 0.04 0.486 ± 0.067 0.55± 0.070 0.572±0.025
F1 0.47± 0.049 0.58 ± 0.03 0.57± 0.02 0.530 ± 0.028 0.554± 0.025 0.576±0.016

Neutral

Precision 0.51± 0.04 0.56± 0.03 0.56 ± 0.02 0.550 ± 0.038 0.534± 0.033 0.550±0.022
Recall 0.60± 0.07 0.62± 0.05 0.58± 0.05 0.618 ± 0.087 0.596± 0.077 0.660±0.038
F1 0.55± 0.01 0.59 ± 0.01 0.57± 0.04 0.578 ± 0.020 0.562± 0.023 0.578±0.011

Contradiction

Precision 0.54± 0.02 0.55 ± 0.05 0.53± 0.02 0.508 ± 0.030 0.540± 0.042 0.522±0.021
Recall 0.504± 0.04 0.47± 0.11 0.57 ±0.04 0.534 ± 0.133 0.486± 0.086 0.472±0.032
F1 0.52± 0.02 0.51± 0.03 0.54 ±0.01 0.514 ± 0.067 0.510± 0.032 0.492±0.022

Table 5.5: Class-wise mT5-small performance (mean ± 95% CI) after syn-
thetic(Ours)→gold training, showing annotator quality effects across NLI classes. Aya-
worst vs. Aya-best, GPT-4o-mini, a DeBERTa baseline, and ensembles. Higher-quality
annotators (Aya-best, GPT-4o-mini) yield consistent gains—most pronounced for Entail-
ment—while Neutral remains comparatively difficult across models.

Metric Aya-worst Aya-best GPT-4o-mini DeBERTa-NLI Prompts
ensemble

Models
ensemble

Entailment

Precision 0.56±0.03 0.682±0.016 0.68±0.03 0.656± 0.032 0.656±0.069 0.628±0.019
Recall 0.67±0.07 0.574±0.035 0.57±0.04 0.607± 0.055 0.604±0.131 0.634±0.021
F1 0.61±0.01 0.622±0.019 0.62±0.02 0.628± 0.023 0.624±0.042 0.628±0.016

Neutral

Precision 0.60±0.04 0.560±0.011 0.57±0.02 0.598± 0.027 0.570±0.034 0.566±0.028
Recall 0.47±0.07 0.676±0.019 0.64±0.01 0.576± 0.065 0.624±0.030 0.614±0.031
F1 0.53±0.03 0.612±0.007 0.60±0.01 0.582± 0.022 0.604±0.023 0.580±0.020

Contradiction

Precision 0.57±0.02 0.614±0.032 0.59±0.01 0.570± 0.016 0.624±0.053 0.580±0.023
Recall 0.56±0.05 0.604±0.039 0.63±0.02 0.624±0.028 0.596±0.132 0.534±0.023
F1 0.57±0.01 0.608±0.005 0.61±0.02 0.598±0.014 0.604±0.042 0.554±0.019

Table 5.6: Class-wise mT5-base performance (mean ± 95% CI) after syn-
thetic(Ours)→gold training, showing annotator quality effects across NLI classes. Aya-
worst vs. Aya-best, GPT-4o-mini, a DeBERTa baseline, and ensembles. Higher-quality
annotators (Aya-best, GPT-4o-mini) yield consistent gains—most pronounced for Entail-
ment—while Neutral remains comparatively difficult across models.
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5.4 Discussion

5.4.1 The Dominant Effect of Annotator Quality on Downstream Performance

Our results confirm that annotator quality directly and measurably propagates through
the synthetic data pipeline, impacting student model performance. The contrast be-
tween the Aya-best and Aya-worst conditions provides the most compelling evidence: a
15-point difference in annotator accuracy on the gold benchmark translates into a sub-
stantial and persistent performance gap in downstream tasks. The performance gap
between Aya-best and Aya-worst is substantial in the synthetic-only and synthetic+gold
settings (+0.129 and +0.121 in accuracy; +0.226 and +0.177 in weighted-F1, respectively,
for mT5-base), but decreases markedly in the synthetic→gold regime (+0.043 accuracy,
+0.046 weighted-F1), indicating that fine-tuning on gold data mitigates the impact of
suboptimal prompting.

Notably, this quality effect was not erased by subsequent fine-tuning on gold data.
While the Synthetic → Gold regime narrowed the performance gaps, models initially
trained on low-quality data (e.g., Aya-worst) consistently lagged behind those trained on
high-quality data (e.g., Aya-best, GPT-4o-mini). This indicates that poor-quality anno-
tations may impart a suboptimal initial bias or representation that is not fully corrected
by limited gold data, underscoring the long-term cost of using noisy synthetic labels.
The class-wise variation (Figures 5.7 and 5.8) implies that annotator quality should be
assessed not only by overall accuracy, but also by label distribution and class-wise relia-
bility, as these reveal systematic biases in annotation behavior. However, our results show
that these differences do not translate proportionally to downstream performance, which
converges across annotator choices under the synthetic → gold training regime. This indi-
cates that training dynamics can mitigate substantial annotation variability, highlighting
a gap between annotation quality metrics and downstream effectiveness.

5.4.2 Architectural Considerations: Specialization vs. Scale

The specialized NLI model, orders of magnitude smaller, yields downstream models
within 2 percentage points of GPT-4o-mini across all training regimes (synthetic-only,
synthetic+gold, and synthetic→gold) on both mT5-small and mT5-base. This suggests
that for well-defined tasks like NLI, task-specific proficiency can be more effective than
sheer scale or general reasoning capability. The strong performance of GPT-4o-mini data
confirms that state-of-the-art generalist models, when properly prompted, are highly ef-
fective annotators. However, the success of the specialized DeBERTa model offers a com-
pelling, computationally efficient alternative for task-focused data generation, provided
the data necessary to train it for the task is available.
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5.4.3 The Amplifying Role of Prompt Design

The experiment comparing Aya-best and Aya-worst isolates the effect of prompt design
from model capability on the downstream task. The results show that prompt engineering
is not merely a peripheral concern but a fundamental component of data quality. A
poorly designed prompt can induce severe label distribution skews (as seen in Table 5.1)
and dramatically reduce the informational value of the generated data. Conversely, an
optimized prompt can unlock a model’s annotative potential, yielding data that drives
student model performance close to that achieved with top-tier proprietary models. This
highlights that the annotator is not just the model, but the model-prompt system.

5.4.4 The Promise and Cost of Ensemble Methods

Our exploration of ensemble methods revealed a classic trade-off between quality and
computational cost. Both inter-annotator and prompt-variant ensembles achieved higher
accuracy on the gold benchmark, confirming that aggregation can mitigate individual
errors and biases. The strong correlation between agreement with the ensemble and gold
accuracy (Figure 5.3) further validates ensemble agreement as a reliable, unsupervised
proxy for label quality. In downstream tasks, the Prompts-ensemble data consistently
performed on par with the best single prompts, demonstrating that ensembling is a robust
strategy for generating high-quality training data. However, these quality gains come
at a high cost. The inter-annotator ensemble required 3× the inference compute for a
modest 2-3 point gain in accuracy. Similarly, the prompt-variant ensemble required 8×
the inference calls per model. This raises a critical practical question: is the marginal
improvement in downstream performance justified by the substantial increase in cost?
In many scenarios, using a single, well-prompted model might represent a more efficient
solution. However, the design and selection of a good prompt often presupposes the
existence of at least some task-specific labeled data that can be used to assess and compare
the performance of different prompt alternatives. For example, our analysis in Chapter
3 used the ParsiNLU dataset to compare prompt variants. Consequently, in extremely
low-resource scenarios—where there is no pre-existing labeled data for a task—our results
using ensemble labeling suggest that in these cases, the use of an ensemble of prompts
as an initial LLM annotator may be useful in developing a seed dataset for research
that has a higher probability of generating good labels than using a single (data-blind
selected/designed) prompt.
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5.5 Summary
This chapter investigated the key role of label quality in LLM-generated synthetic data for
NLI. Moving beyond the simple question of whether synthetic data works, we explored how
the quality of the LLM annotator affects downstream utility. Our controlled experiments,
which held the input text constant while varying the annotation source, reveal a clear and
consistent theme: the proficiency of the LLM annotator is a primary determinant of the
efficacy of synthetic data. We demonstrated this through three key lenses: model choice,
prompt design, and aggregation strategies. The performance of student models trained
on this data showed a clear quality gradient, from near-random performance with poorly
designed prompts to competitive results with high-quality or ensemble-based annotations.
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6
Conclusion

This chapter concludes the study by summarizing the key findings in relation to the aims
and research questions. It also reviews the study’s limitations and proposes opportunities
for future research.

6.1 Summary of Thesis
This thesis aimed to address the critical challenge of data scarcity in low-resource lan-
guages by investigating LLMs’ dual capabilities as data generators and annotators. Us-
ing Farsi NLI as a case study, we systematically evaluated the reliability of LLM-based
annotations, the utility of synthetically generated data for improving downstream task
performance, and the pivotal role of annotator quality. The progression of this work
moved from a foundational behavioral study of LLMs as annotators (Chapter 3), to the
development and evaluation of a scalable pipeline for synthetic data creation (Chapter
4), and finally to a controlled investigation of how annotator quality propagates to model
performance (Chapter 5). This research provides a framework for leveraging LLMs to
bridge the data gap in underrepresented languages.

6.2 Answering Research Questions
RQ1: How reliable are LLMs when used as automatic annotators in Farsi
NLI? Our investigation reveals that the reliability of LLMs as automatic annotators in
low-resource settings is highly conditional and multifaceted. While they possess significant
annotation capabilities, their reliability is influenced by model choice, prompt design,
and the task’s inherent challenges. Our results on the NLI task annotation demonstrate
that their performance is markedly unstable, varying with minor prompt changes, with
the order of the premise and hypothesis being a critical factor. A clear model family
divide also exists, with proprietary models such as Claude-Opus-4 and GPT-4o exhibiting
greater robustness than more volatile open-weight models. Compounding this, we found
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that perceived model unreliability sometimes reflected noise and ambiguity in the human-
annotated benchmark.

RQ2: Can an LLM-based process generate synthetic data that improves the
performance of NLP models on the NLI task in Farsi? Our results provide a
clear affirmative answer. The synthetic data generated by our LLM-based pipeline sub-
stantially improved the performance of downstream NLI models for Farsi. We observed
consistent, scalable gains: models fine-tuned on increasingly larger synthetic datasets out-
performed those trained solely on the limited gold-standard data. Crucially, the strategy
for integrating synthetic data was important. The most effective approach was a two-
stage process of synthetic pre-training followed by gold fine-tuning (Synthetic→ Gold),
which consistently achieved the highest performance across all metrics and model sizes.
This regime effectively uses the large-scale synthetic data for robust initialization and the
high-quality gold data for precise calibration.

RQ3: To what extent does the annotation quality of the LLM labeler affect
downstream NLI task performance? Our experiments conclusively demonstrate that
the quality of the LLM annotator is a dominant factor directly governing the utility of
synthetic data. We established a clear performance gradient in downstream models, with
data labeled by a high-performing prompt configuration yielding better results than data
labeled by a low-performing one. This performance gap proved persistent, narrowing but
not disappearing after subsequent fine-tuning on gold data, indicating that poor-quality
annotations impart a sub-optimal bias that is not easily unlearned. While ensemble
methods enhanced reliability, they also incurred substantial computational cost, creating
a critical trade-off. Therefore, investing in a high-quality annotator—whether through
model selection, prompt engineering, or strategic aggregation—is not merely beneficial
but essential for maximizing downstream gains.

6.3 Limitations
While this research demonstrates the promise of LLM-driven data generation, it is im-
portant to acknowledge its constraints.

Data Source and Diversity. The scope of our synthetic data is inherently constrained
by its source. We exclusively used the XLSum dataset, a collection of news articles, to
generate premises. This introduces a domain and stylistic bias towards journalistic prose.
Consequently, the linguistic diversity of our synthetic data (e.g., conversational, literary,
or social media language) is limited compared to the more varied gold-standard dataset.
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Models trained on this data may experience a performance drop when encountering text
from domains not represented in the news-centric training distribution.

Pipeline-Inherent Biases. Our two-stage generation and labeling pipeline, while ef-
fective, exhibited a systematic classification bias, producing a heavy and persistent skew
towards the Entailment class while under-generating Neutral and Contradiction exam-
ples. This imbalance is a direct result of the LLM-driven data synthesis process’s tendency
to generate hypotheses that remain faithful to the premise. This fundamental bias sug-
gests that generating challenging negative examples for NLI remains as a challenge for
LLM-based data creation.

Generalizability and Specificity. Our study provides a deep, evidence-based analysis
for Farsi NLI, but it remains a single-task and single-language case study. The effective-
ness of our specific prompt formulations and the observations may not directly translate
to other tasks and languages.

6.4 Future Work
Advanced Prompting Strategies. Future work should investigate more sophisticated
labeling techniques to mitigate prompt sensitivity and improve accuracy. This includes
exploring Chain-of-Thought (CoT) prompting to elicit the model’s reasoning before a
final judgment. Building on our diagnostic analysis, a promising avenue is to develop
knowledge-driven prompts that incorporate explicit guidelines to correct for observed
failure patterns. For instance, prompts could be engineered to steer the model towards
a strict semantic interpretation explicitly and to include class-specific warnings. This
transforms the prompt from a generic instruction into a targeted corrective tool based on
empirical behavioral findings. Another approach could be to incorporate these implica-
tions into NLI classification as additional labels [49] or to explore multi-round validation
procedures to distinguish annotation errors from legitimate human variation [145].

Data Coverage, Curation, and Filtering. To enhance data coverage, future work
should leverage diverse textual sources as premises. Moreover, strategic sampling methods
can then be employed to select the most informative and representative instances rather
than naively scaling the data size [133]. To address noise and class imbalance, future
research could develop more nuanced data curation strategies. This involves creating
automated quality filters based on the sensitivity and consistency metrics defined in this
thesis to identify and remove ambiguous or low-confidence samples. Exploring generative
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models or prompts specifically designed to generate challenging, diverse non-entailment
examples would directly address the current bias towards the Entailment class [55].

Scaling to Larger Student Models. While we focused on smaller encoder-decoder
models such as mT5, it is crucial to investigate the utility of our synthetic data for fine-
tuning much larger, decoder-based, instruction-tuned LLMs. This would assess whether
synthetic data can effectively distill task-specific knowledge into models that are closer to
the teacher annotators themselves.

Task Diversification. The current research centered on the NLI task as a represen-
tative benchmark for semantic reasoning. However, the framework can be readily ex-
tended to other tasks that require contextual judgment or nuanced interpretation. Future
work could explore task diversification by applying the proposed annotation and filtering
pipeline to tasks such as sentiment analysis, question answering, summarization, or com-
monsense reasoning. Comparing model behavior across these task types would further
illuminate whether the reliability patterns observed for NLI generalize to other forms of
linguistic inference. Such extensions would also help test the general applicability of the
sensitivity and consistency metrics as universal measures of annotation robustness.

Human-in-the-Loop and Active Learning Pipelines. Despite the cost efficiency
of LLM annotators, their limitations in handling subjective tasks require a hybrid ap-
proach. Promising methods therefore leverage human-in-the-loop strategies to calibrate
LLM performance through improved prompt design [96, 120]. Designing human-in-the-
loop pipelines in which LLMs generate the bulk of the data, with human annotators
strategically deployed to label the most ambiguous or high-sensitivity cases, could yield
high-quality datasets more efficiently than either humans or LLMs alone.

6.5 Concluding Remarks
In conclusion, this thesis demonstrates that the strategic use of LLMs for synthetic data
generation and annotation presents a powerful tool. Overall, we find that synthetic
data enables performance gains that would be difficult to achieve with limited human-
annotated data alone. However, this promise is tempered by significant sensitivities to
prompt design and model choice. Our advice for best practice is to treat LLMs not
as infallible but as powerful, yet flawed, tools whose output must be carefully managed
through robust prompting, strategic training regimes, and a clear understanding of their
failure modes. By doing so, we can harness their scale and capability to foster greater
linguistic inclusivity and build more effective NLP systems.
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