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Abstract

This thesis introduces "From Language to Learning," a unified, LLM-driven
framework designed to address the critical challenge of creating scalable, personalized
educational content across diverse linguistic and pedagogical contexts. It proposes a
systematic methodology for adapting general-purpose large language models (LLMs)
into specialized, open-source educational aids, particularly for under-resourced lan-
guages.

The cornerstone of this framework is a task-specific adaptation of distillation for cre-
ating high-quality, task-specific instructional datasets—the Instruct series. First,
a state-of-the-art LLM is prompted to generate structured educational materials from
raw, unstructured text. This synthetic data is then used to fine-tune smaller, open-
source models, efficiently transferring sophisticated capabilities for specific learning
objectives.

The framework’s pedagogical versatility is demonstrated through a progression of ap-
plications. To foster engagement and vocabulary reinforcement, we developed sys-
tems for generating educational crossword puzzles in English, Italian, Arabic, and
Turkish. Evolving from gamification to formal assessment, the framework was then
extended to create models for generating multiple-choice and short-answer questions
in Persian and Turkish. Finally, to provide direct pedagogical intervention, the
framework was applied to the nuanced task of delivering automated syntax feedback
on student essays in English.

The efficacy of this approach is validated through systematic human and automatic
evaluations for each language and task. The results consistently and significantly
show that fine-tuning smaller LLMs on our generated Instruct datasets makes
them highly effective and reliable specialized tools. Ultimately, this thesis contrib-
utes a scalable and validated blueprint that bridges the gap between general-purpose
language models and the specific needs of multilingual education, democratizing the
creation of next-generation, Al-powered learning technologies. Across this thesis, we
produced 11 publications, released 11 datasets (including 7 in the Instruct series),
and trained/evaluated 29 fine-tuned generator models across 5 languages, enabling
reproducible, multilingual educational NLP at scale. All code, datasets, and mod-
els developed in this thesis are publicly available to the research community at:
https: // github. com/KamyarZeinalipour/From-Language-to-Learning
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Chapter 1

Introduction

1.1 The Grand Challenge: Scalable and Personalized
Multilingual Education

The promise of modern educational technology—to deliver truly personalized learning
to anyone, anywhere—hinges on a persistent bottleneck: the scalable creation of high-
quality content. Platforms have matured as delivery mechanisms, but they are only
vessels. The fuel for learning—pedagogically sound, culturally relevant, and engaging
material—remains scarce, and current authoring workflows cannot keep pace with tech-
nological potential.

The constraint is not volume alone but specificity. Effective education must serve the
long tail of learning: the vast spectrum of subjects, proficiency bands, and pedagogical
contexts that fall outside standardized curricula. For every mainstream topic, count-
less niche domains, vocational skills, and foundational concepts are underserved. Hand-
crafted, bespoke materials—lesson explanations, practice items, formative feedback, and
assessments—are costly to produce and difficult to maintain, rendering large-scale per-
sonalization economically and logistically infeasible.

Quality compounds the challenge. Useful materials must (i) align with explicit learning
objectives; (ii) be calibrated for difficulty and progression; (iii) respect cultural and lin-
guistic norms; and (iv) appear in formats that actively support learning (e.g., guided prac-
tice, formative assessment, and actionable feedback). Meeting these criteria via manual
authoring does not scale.

This bottleneck widens into a chasm for non-English languages, creating a digital lan-
guage divide that obstructs educational equity. Scarcity in languages such as Italian,
Arabic, Turkish, and Persian is systemic, driven by:

e Data scarcity: Limited, curated educational datasets impede the training and
evaluation of effective models.

e Economic misalignment: Commercial incentives favor high-resource languages,
leaving smaller markets underserved.

e Linguistic complexity: Typological properties—agglutinative morphology (e.g.,
Turkish) and right-to-left abjad scripts (Arabic, Persian)—introduce tokenization,
orthographic, and layout challenges often ignored by one-size-fits-all pipelines.

The result is not merely a technical shortfall but a barrier to the democratization of
knowledge: the benefits of Al-enabled learning remain concentrated among speakers of a
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few dominant languages.
Large Language Models (LLMs) lower the barrier to content generation, but naive prompt-
ing of general-purpose models is insufficient. Unconstrained outputs can hallucinate facts,
drift from source texts, misalign with objectives, and yield uneven difficulty or vague
feedback. Exclusive reliance on proprietary “teacher” models further limits accessibility,
auditability, and sustainable deployment in real educational settings.

This thesis contends that closing the gap requires a systematic pathway from gen-
eral LLM competence to reliable, language-aware, pedagogy-aligned tools. We therefore
pursue a framework guided by the following design objectives:

¢ Scale: Transform abundant raw text into structured educational artifacts for the
long tail of topics.

o Pedagogical fidelity: Encode task structure (e.g., clue formats, MCQ distractor
quality, syntactic feedback rationales) and calibrate difficulty.

e Multilingual equity: Operate across typologically diverse languages without be-
spoke, hand-engineered pipelines per language.

o Efficiency and openness: Distill capabilities into smaller, open-source models
suitable for local, cost-effective deployment.

¢ Reliability and evaluation: Promote grounding in source material, mitigate hal-
lucination risks, and validate with both human and automatic measures

It is important to explicitly state that within this framework, 'grounding’ refers to strict
adherence to the provided source text and not a semantic understanding of the world.
Framed this way, the grand challenge is to convert unstructured text and general LLM
ability into trustworthy educational artifacts—crossword clues, assessment questions, and
targeted writing feedback—at scale and across languages. The remainder of this thesis
develops and validates a unified, distillation-based approach that operationalizes these
objectives.

Across this thesis, we produced 11 publications—crosswords/puzzles [3], [4, [5] 6 [7), [8, 9]
10], assessment [I1, 12], and feedback [I3]—released 11 datasets (including 7 in the
Instruct series), and trained/evaluated 29 fine-tuned generator models across 5 lan-
guages—quantitatively grounding the scope and impact of the framework introduced here.

1.1.1 Educational Crossword Generation

Crossword generation has long been explored in NLP, spanning both solving and clue /puzzle
construction. For this thesis, we focus on educational crosswords—puzzles whose clues are
factual, source-grounded, and pedagogically oriented—rather than cryptic, entertainment-
style clueing. This distinction matters: educational clues must privilege accuracy, clarity,
and alignment with a given text or curriculum, not wordplay.

Early generation systems leveraged dictionaries, web-mined definitions, and rule-based
ranking to assemble clue—answer pairs [I4), [I5] [T6], [I7]. While influential, these pipelines
required substantial manual tuning, transferred poorly across domains and languages,



1.1. The Grand Challenge: Scalable and Personalized Multilingual Education 5

and were not designed to produce text-grounded educational clues. With the advent of
LLMs, clue generation became more flexible, yet a core gap persisted: the absence of
large, high-quality datasets of educational clue—answer pairs derived from source texts
and spanning multiple languages.

Our work closes this gap with a unified, LLM-driven approach. First, we introduce a
two-stage distillation pipeline that transforms raw passages into structured educational
data, instantiating the mapping (Text, Keyword) — (Clue). We then instruction-tune
open models on this synthetic, text-grounded data, and integrate verification (classifier
and LLM-as-judge filters) to reduce ambiguity and hallucinations. This methodology pro-
duced the Instruct series of datasets and models for English, Italian, Arabic, and Turk-
ish, enabling scalable generation of pedagogically sound clues directly from curriculum-
aligned texts [5] 4] [8] [9].

Beyond scalability, the framework addresses language-specific challenges that matter in
education: right-to-left scripts and diacritic normalization for Arabic; agglutinative mor-
phology for Turkish; and style-controlled clueing for Italian. Across languages, human
and automatic evaluations show that instruction-tuned students substantially outperform
general-purpose baselines on clarity, correctness, and textual grounding. Chapters
detail datasets, models, and evaluations per language.

1.1.2 Question Generation for Education

Question Generation (QG) has progressed from rule and template based systems to neural
sequence-to-sequence models and, most recently, to instruction-following LLMs trained on
large comprehension corpora. While this evolution has enabled impressive fluency—fueled
by datasets such as SQuAD and RACE [I8, [19]—educational QG introduces require-
ments that extend beyond generic question writing. In assessment settings, items must
be syllabus-aligned, unambiguous, and difficulty-calibrated; for MCQs, distractors must
be plausible yet discriminative rather than trivially wrong. These constraints make edu-
cational QG a distinct problem space rather than a straightforward transfer of general-
domain methods.

A useful way to situate the literature is to distinguish (i) answer-aware vs. answer-
agnostic QG, (ii) format (multiple-choice vs. short-answer), and (iii) distractor con-
struction (generation vs. retrieval/selection). Early answer-aware systems relied on
handcrafted templates; neural approaches introduced attention and copy mechanisms
to better tie questions to salient spans; transformer-based models further improved co-
herence and coverage. Yet three challenges remain central for education: (1) distractor
quality, where options should reflect common misconceptions while avoiding ambiguity;
(2) depth of comprehension, ensuring items assess inference and integration rather
than surface recall; and (3) difficulty control and curriculum alignment, so that
items target intended proficiency bands and learning objectives.

These challenges are amplified in low-resource and morphologically rich languages. Per-
sian’s orthography, limited pedagogical corpora, and scarcity of high-quality MCQ re-
sources—and Turkish’s agglutinative morphology and rich derivational processes— com-
plicate key selection, distractor formation, and unambiguous phrasing. As a result,
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English-centric methods do not transfer cleanly, and validated educational QG resources/-
models for these languages remain limited.

This thesis addresses that gap by extending our LLM-driven distillation framework from
gamified learning to formal assessment. Concretely, we introduce PersianMCQ-Instruct,
a large, instruction-style corpus produced by a controlled multi-stage prompting pipeline
(content transformation, MCQ drafting, distractor refinement), and use it to fine-tune
open models for Persian MCQ generation; human and automatic evaluations indicate sub-
stantial gains after fine-tuning [I1]. We further contribute Turkish-Quiz-Instruct, pairing
Turkish educational texts with both multiple-choice and short-answer items, and demon-
strate similar improvements when distilling from a teacher LLM into smaller student
models [I2]. Together, these resources and models operationalize the core claim of this
thesis: distilling task-specific pedagogy into compact LLMs yields reliable, education-
ready generators for under-resourced languages.

In summary, while the broader QG literature provides the modeling substrate, educational
QG in Persian and Turkish requires dedicated data creation, distractor design, and eval-
uation protocols. The contributions in Part II meet these needs and empirically validate
the proposed framework in two typologically distinct, low-resource settings [11}, [12].

1.1.3 Writing Assessment and Feedback

Automated Writing Assessment (AWA) has been an active research area for decades,
evolving from systems built on hand-crafted features to modern neural approaches (often
framed as Grammatical Error Correction, GEC). While recent large language models can
provide high-level comments on student writing, they frequently over-correct, hallucinate
rules, or offer advice that is too general to be instructionally useful. For classroom use,
where learners need concrete and trustworthy guidance, such behavior undermines reli-
ability.

This thesis adopts a focused scope: syntaz-level feedback that identifies a problem, pro-
poses a minimal correction, and explains the change in clear pedagogical terms. The
objective is not holistic scoring or stylistic critique, but dependable, fine-grained support
that helps learners understand why a sentence should be revised. In this setting, precision
and calibrated restraint—preferring no change when uncertain—are essential for building
instructor and learner trust.

Within the proposed framework, we instantiate a two-stage process tailored to this task.
In Stage 1, a high-capability teacher model is prompted to transform learner-like inputs
into structured supervision of the form

(Essay Sentence) — (Corrected Sentence, Feedback),

emphasizing minimal edits and concise, rule-aware explanations. In Stage 2, this synthetic
supervision is used to instruction-tune a smaller, open-source student model that performs
the same mapping with greater efficiency and consistency. Applied to English student
essays, this targeted distillation yields a specialized model that provides accurate, action-
able syntax feedback with markedly reduced over-correction and clearer justifications [I3].
This positions the feedback component as a natural complement to the framework’s other
applications, extending it from content generation to direct pedagogical intervention.
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1.2 Research Questions and Objectives

The central intellectual pursuit of this thesis is to overcome the limitations of prior work
by establishing a unified, scalable, and multilingual framework for educational content
generation. This ambition is encapsulated in a main research question, which is sub-
sequently decomposed into three targeted sub-questions that align directly with the three
parts of this thesis.

Main Research Question (MRQ):

How can general-purpose Large Language Models be systematically and scal-
ably adapted to generate a diverse range of high-quality, pedagogically-varied
educational content, particularly for under-resourced languages?

To comprehensively answer this overarching question, the following specific research ques-
tions are posed:

« RQ1 (Crosswords): To what extent can an LLM-driven distillation framework
generate pedagogically valid crossword puzzles across multiple languages (English,
Italian, Arabic, Turkish), and how does the performance of specialized, fine-tuned
models compare to their general-purpose baselines?

« RQ2 (Question Generation): Can this framework be effectively extended from
gamified learning to formal assessment by generating multiple-choice and short-
answer questions in morphologically rich, low-resource languages like Persian and
Turkish?

« RQ3 (Writing Assistance): How eflective is the proposed framework when ap-
plied to the nuanced, feedback-oriented task of identifying syntactic errors and
providing constructive, automated feedback for English student essays?

1.3 The "From Language to Learning" Framework

In response to the challenges of scalability, multilingual support, and pedagogical spe-
cificity, this thesis introduces the "From Language to Learning" framework. To ensure
reproducibility and facilitate future research, the official repository containing the system
prompts, filtering scripts, sample inputs/outputs, and links to all released datasets and
models is available at: https://github.com/KamyarZeinalipour/From-Language-to-Learning
This framework presents a systematic methodology for transforming powerful, general-
purpose LLMs into highly specialized, efficient, and open-source educational tools. The
core idea is to bridge the capability gap between colossal, often proprietary "teacher" mod-
els (e.g., GPT-4) and smaller, more accessible "student' models (e.g., Llama, Mistral) that
can be deployed and customized by the broader educational and research community.
At the heart of this framework is a task-specific adaptation of distillation designed to cre-
ate high-quality, task-specific instructional datasets, which we term the Instruct series.

e Stage 1: Synthetic Data Generation. In the first stage, a state-of-the-art
"teacher" LLM is prompted with unstructured source text (such as a Wikipedia art-
icle) along with a detailed set of instructions defining a specific educational task. The
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model’s role is to act as an expert content creator, transforming the raw text into
high-quality, structured educational material. For example, for crossword genera-
tion, the transformation is (Text) -> (Clue, Answer, Category). For question
generation, it is (Text) -> (Question, Correct Answer, Distractors). For

syntax feedback, the task is (Essay Sentence) -> (Corrected Sentence, Feedback).

This step leverages the advanced reasoning and generation capabilities of the teacher
model to create a large-scale, structured dataset that perfectly aligns with the target
task.

e Stage 2: Instruction Fine-Tuning. In the second stage, the synthetic dataset
generated in Stage 1 is used as the training corpus to fine-tune a smaller, open-
source "student" model. This process of instruction fine-tuning efficiently "distills"
the sophisticated, task-specific capabilities of the large teacher model into its smaller
counterpart. The resulting model is a specialized expert, optimized to perform its
designated educational function with high accuracy and efficiency.

This framework offers several compelling advantages. It is scalable, as it can be
applied to any domain or language where unstructured text is available. It is cost-
effective, as fine-tuning is orders of magnitude cheaper than pre-training a model from
scratch. It promotes the democratization of Al in education by producing powerful,
open-source models that can be freely used, audited, and improved by the community.
Finally, it yields specialized expert models that consistently outperform general-purpose
chatbots on their specific tasks, providing reliable and high-quality educational content.

1.4 Summary of Key Results and Validation

The efficacy and versatility of the "From Language to Learning" framework are empirically
validated across the three distinct parts of this thesis. Each part demonstrates that the
two-stage distillation process yields specialized models that significantly outperform their
general-purpose baselines.

e Part I (Crosswords): The framework was first applied to generate educational
crossword puzzles in four languages. The results were consistently positive, confirm-
ing the framework’s robustness. For instance, in the Arabic crossword generation
task, the proportion of top-rated ("A") clues produced by the fine-tuned Llama3-
8B model surged from 36% to an impressive 79% [8]. Similar significant gains in
performance and quality were observed for English [5], Italian [4], and Turkish [9],
validating the framework’s cross-lingual capabilities.

o Part IT (Question Generation): The framework’s adaptability was tested by
extending it from gamified learning to formal assessment. When tasked with gen-
erating MCQs and SAQs for Persian and Turkish, the specialized models again
showed dramatic improvement. In the Persian MCQ generation task, the overall
human evaluation score for the fine-tuned Llama3.1-8b model rose from 3.31 to 4.51
(out of 5), demonstrating the framework’s capacity to handle the complexities of a
new, assessment-focused task in low-resource languages [11].
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o Part IIT (Writing Assistance): Finally, the framework was applied to the highly
nuanced task of generating automated syntax feedback. The results underscored its
effectiveness even for feedback-oriented applications. For the Llama2 13B model,
the percentage of "good" feedback (rated "B" by human evaluators) jumped from
just 11% in the base model to 60% after fine-tuning [I3]. This successful application
to a complex, corrective task validates the framework’s broad applicability across a
spectrum of pedagogical needs.

1.5 Contributions and Thesis Outline

This thesis presents a unified and validated solution to the pressing challenge of scalable,
multilingual educational content generation. By designing, implementing, and rigorously
evaluating the "From Language to Learning" framework, this work makes several key con-
tributions to the fields of artificial intelligence, computational linguistics, and educational
technology.

The primary contributions of this research are:

1. A Methodological Contribution: The design, implementation, and validation of
a novel, scalable two-stage distillation framework for adapting LLMs to multilingual
educational content generation.

2. An Empirical Contribution: The first large-scale, multilingual demonstration
of a unified framework across three distinct pedagogical tasks: gamified learning
(crosswords), formal assessment (question generation), and writing support (syntax
feedback).

3. A Resource Contribution: The creation and public release of seven large-scale
instructional datasets and multiple specialized, open-source models for English,
Italian, Arabic, Turkish, and Persian, directly addressing the critical resource scarcity
in these areas.

4. A Practical Contribution: A validated blueprint that democratizes the develop-
ment of Al-powered educational tools, making the creation of next-generation learn-
ing technologies more accessible for educators, researchers, and developers world-
wide.

The remainder of this thesis is structured to elaborate on these contributions. Chapter
2 provides a detailed survey of the three related fields—crossword generation, question
generation, and automated writing feedback—that form the academic context for this
work. The thesis is then divided into three main parts. Part I focuses on educational
crossword generation. Chapter 3 introduces the core Clue-Instruct method for English.
Chapters 4, 5, and 6 then demonstrate its successful application to Italian, Arabic,
and Turkish, respectively, reporting on the unique challenges and evaluation results for
each language. Part II pivots from gamification to assessment. Chapter 7 details
the generation of multiple-choice questions for Persian, while Chapter 8 extends this
to both multiple-choice and short-answer questions for Turkish. Part III addresses the
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task of writing assistance, with Chapter 9 presenting the application of the framework
to generate automated syntax feedback for student essays. Finally, Chapter 10 can-
didly discusses the limitations of this work. Chapter 11 outlines promising directions
for future research, and Chapter 12 concludes by summarizing the key findings and
reiterating the significance of the "From Language to Learning" framework.



Chapter 2

Related Work

2.1 Educational Content Generation Frameworks

2.1.1 Historical Evolution

Early computer-based education relied on rule-driven Intelligent Tutoring Systems (ITS)
that encoded domain knowledge and pedagogical strategies as expert rules or scripts, of-
ten with high authoring cost and limited flexibility [20, 2I]. Meta-analyses later showed
that well-engineered ITS could approach the effectiveness of human tutoring in controlled
settings, despite relying largely on pre-authored or templated content [22]. In parallel,
automatic question generation (AQG) began with linguistic and template-based trans-
formations of source sentences into factual questions, paired with statistical ranking to
ensure answerability and grammaticality [23].

The shift to neural sequence-to-sequence models transformed content generation. Du
et al. demonstrated end-to-end neural question generation from reading passages, sur-
passing rule-based systems in fluency and coverage [24]. Subsequent transformer-based
approaches leveraged large-scale pretraining (e.g., BERT/T5/BART), enabling stronger
context modeling and effective fine-tuning on relatively small educational datasets [25].
Instruction-tuned large language models (LLMs) further broadened capabilities: mod-
els such as InstructGPT and GPT-4 can follow high-level pedagogical prompts (e.g.,
“generate a quiz for grade 5 on photosynthesis”), substantially reducing task-specific en-
gineering [26] 27]. Comprehensive surveys document this progression from rules to neural
and instruction-following LLMs across learning tasks (quiz generation, feedback, tutoring
dialogue) [28].

2.1.2 Multilingual and Low-Resource Settings

Most early systems targeted English and a few high-resource languages. Extending con-
tent generation to under-resourced languages introduces challenges of data scarcity, mor-
phology (e.g., agglutination), and orthography (e.g., abjad scripts), which complicate
tokenization, agreement, and error-sensitive feedback. Position papers and roadmaps ar-
gue that multilingual LLMs can act as an “off-ramp” toward digital language equality
by enabling cross-lingual transfer and few-shot generation while dedicated datasets are
developed [29]. In practice, multilingual models (e.g., mBERT/XLM-R/T5 variants) and
workflows that combine synthetic data, translation, and post-editing are increasingly used
to bootstrap grade-appropriate texts, questions, and explanations for low-resource lan-
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guages, while preserving curricular alignment and cultural relevance [28], [29].

2.1.3 Frameworks and Systems

Beyond point techniques, recent work emphasizes frameworks that integrate LLMs with
explicit pedagogy, curricula, and quality control. Curriculum-oriented generation frame-
works constrain LLMs with target concepts, readability bands, and vocabulary lists to pro-
duce grade-appropriate materials, pairing controllable generation with multi-dimensional
evaluation [30]. Human-in-the-loop production pipelines—as popularized in large-scale
language learning platforms—combine prompt templates, content rules, and expert re-
view to accelerate lesson and item creation while maintaining quality and adherence to
learning objectives [31].

LLM outputs are also used upstream to synthesize instructional datasets (e.g., student-
like responses, error patterns, diverse prompts) that train smaller task models or power
large-scale evaluation of item validity and difficulty [32,[33]. To make deployment practical
in schools and on local devices, knowledge distillation pipelines transfer the capabilities of
large teacher models into compact student models, achieving substantial efficiency gains
with minimal loss in accuracy for tasks such as short-answer scoring or feedback classi-
fication [34]. Taken together, these directions illustrate a shift from ad-hoc prompting to
pedagogy-aware generation frameworks that scaffold LLM creativity with curricular struc-
ture, guardrails, and human oversight—a trajectory that aligns with scalable, multilingual
educational content creation [28] [30].

2.2 Crossword puzzles Generation

Crossword puzzles, traditionally enjoyed for their challenge and entertainment value, are
increasingly recognized for their educational potential. These puzzles facilitate learning in
multiple disciplines, such as history, science, and linguistics, and are particularly effective
in enhancing vocabulary and spelling skills [35] 136, [37]. Their capacity to engage and
educate simultaneously makes them invaluable in pedagogical contexts.

In language acquisition and the mastery of specialized terminology, crossword puzzles
stand out as exceptional tools. They offer an interactive learning experience that pro-
motes both the retention of technical jargon and general language skills [38, [39] [40]. This
dynamic learning approach supports the cognitive development of learners by improving
critical thinking abilities and memory retention [41] (37, [42] [43] [36] [44) [45].

The field of crossword puzzle generation has drawn significant academic interest due to
its complex nature. Researchers have experimented with a wide array of approaches in-
cluding the use of vast lexical databases and embracing the potentials of modern Large
Language Models (LLMs), which accommodate innovative methods like fine-tuning and
zero/few-shot learning.

Pioneer works in this domain have been diverse and innovative. For instance, Rigutini
et al. successfully employed advanced natural language processing (NLP) techniques to
automatically generate crossword puzzles directly from internet-based sources, marking
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a foundational advancement in this field [I4] [I5]. In addition, Ranaivo et al. devised
an approach based on NLP that utilizes text analytics alongside graph theory to refine
and pick clues from texts that are topic-specific [I6]. Meanwhile, aimed at catering to
Spanish speakers, Esteche and his group developed puzzles utilizing electronic dictionar-
ies and news articles for crafting clues [I7]. On another front, Arora et al. introduced
SEEKH, which merges statistical and linguistic analyses to create crossword puzzles in
various Indian languages, focusing on keyword identification to structure the puzzles [46].
While the literature shows progress in utilizing LLMs for crossword generation, existing
approaches often rely on generalized models or few-shot learning techniques. The unique
characteristics and challenges presented by the Arabic language, however, have remained
largely unexplored in the context of crossword puzzle generation from a given text. Pre-
vious attempts in Arabic have typically employed LLMs "as they are" using few-shot
learning. In contrast, our current project introduces a dataset specifically designed for
this task in Arabic. Furthermore, we introduce open-source models that are fine-tuned
to better accommodate and enhance performance for this specific application.

This study breaks new ground by employing cutting-edge language modeling techniques
explicitly to create English, Italian, Turkish and Arabic crossword puzzles from a given
text. This approach not only fills a gap within the scholarly literature but also enhances
the tools available for language-based educational initiatives, thereby advancing the field
of Multilingual crossword puzzle generation.

2.3 Question Generation

The automatic generation of high-quality questions, a task known as Question Generation
(QG), is a cornerstone of educational technology and natural language processing (NLP).
This section reviews the evolution of QG methodologies, the datasets that have enabled
this progress, and the specific frameworks and considerations relevant to creating effective
educational assessments, particularly for low-resource languages like Persian and Turkish.

2.3.1 The Evolution of Question Generation Methods

Early approaches to QG were predominantly based on rule-matching and template-based
systems, which, while effective, lacked flexibility and scalability [47]. The advent of neural
networks marked a significant shift, with Sequence-to-Sequence (Seq2Seq) models,
often enhanced with attention mechanisms, becoming the standard [48]. These models
learn to transform a given context into a question, and further research integrated lin-
guistic features to improve grammatical and semantic coherence [49].

Subsequent advancements have explored more complex architectures and training paradigms.
Multi-task learning frameworks were developed to jointly train QG with related tasks
like Question Answering (QA), leveraging their inherent synergy [50]. Other approaches
have incorporated reinforcement learning to refine question quality based on down-
stream metrics [51] and utilized multi-modal inputs to generate questions from both
text and images [52]. The rise of language models (LMs) like BERT and GPT-3 has funda-
mentally transformed the field, enabling the generation of more natural and contextually
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sophisticated questions through pre-training and fine-tuning [53], [54].

2.3.2 Datasets for Question Generation

Progress in QG has been closely tied to the availability of high-quality datasets. Many
foundational models were trained on datasets originally created for QA, which provide
rich context-question-answer triplets. Prominent examples include SciQ, RACE, and
FairytaleQA, which have been widely repurposed for QG research [55] 19} 56, B7, B8]
59, 60).

Recognizing the unique requirements of QG, researchers have also developed specialized
datasets. Datasets such as LearningQ, KHANQ, and EAuQG were created specifically
for educational QG, covering a wide range of subjects and academic levels [61] 62, 63].
However, these resources are overwhelmingly concentrated in high-resource languages,
leaving a significant gap for languages like Persian and Turkish.

2.3.3 Advanced Frameworks and Answer-Aware Generation

A key challenge in QG is ensuring that the generated question is relevant to a spe-
cific piece of information, or "answer," within the context. This has led to a distinction
between answer-agnostic (generating a general question from a passage) and answer-
aware (generating a question about a specific answer) QG [64]. To incorporate answer
information, researchers have proposed various techniques, such as encoding the answer
along with the context, using answer position markers, or generating questions from text
summaries that highlight key information [65], [66].

More recently, sophisticated data generation frameworks have emerged. AgentInstruct,
for example, is an extensible framework that automatically generates large volumes of
high-quality synthetic data from raw sources like text documents [67]. By transforming
unstructured text into structured content and using iterative refinement, AgentInstruct
can produce diverse and complex instruction-following datasets. This methodology is
highly relevant for generating Multiple-Choice Questions (MCQs), as it can facilitate the
creation of varied questions and plausible distractors, which is essential for building robust
training data for MCQ generation models.

2.3.4 QG in Educational Applications

In educational settings, controlling the quality and characteristics of generated questions
is paramount. A critical aspect is question difficulty, which can be assessed based on
factors like answerability, the number of inference steps required, or learners’ historical
performance [68, [69, [70]. Another important consideration is ensuring that questions
align with a given syllabus or curriculum. To this end, studies have focused on training
models to classify or rank questions based on their relevance to specific learning objectives
[71].

Furthermore, the goal of personalized education has driven the development of mod-
els that can generate customized questions tailored to individual students. This often
involves knowledge-tracking models that adapt to a student’s answer history or few-shot
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models that incorporate sequences of student states to generate the most appropriate
next question [72, [73]. The development of these advanced educational tools, however,
remains a significant challenge for low-resource languages due to the lack of foundational
datasets.

2.4 Automatic Syntax Feedback System

The integration of NLP with educational technology has produced two closely related
strands of research: Automated Essay Scoring (AES) and Essay Feedback Generation.
AES targets reliable, scalable assessment, whereas feedback generation aims to deliver
formative guidance that improves learner writing. Below, we synthesize prior work in
both areas and position our proposed Automatic Syntaxr Feedback System within this
landscape.

2.4.1 Automated Essay Scoring

Classic AES systems follow a two-step pipeline: (i) derive features that capture lexical,
syntactic, discourse, and stylistic properties, and (ii) train regressors or classifiers to
predict holistic scores [74] [75] [76], [77, [78]. Early neural methods replaced much of the
feature engineering with learned representations, using CNNs/LSTMs and attention to
model document-level signals [79, [80, [8T]. In parallel, pretrained word embeddings such
as word2vec and GloVe provided stronger lexical priors for AES pipelines [82), [83].
Transformer-based language models have since become the dominant backbone. BERT
and its derivatives have been adapted for essay scoring via fine-tuning schemes that com-
bine regression and pairwise ranking, and via multi-scale essay representations [84] [85]
30, 87]. Data augmentation has further improved robustness, especially for short answers
[88]. A persistent challenge is domain shift across prompts: prompt-agnostic and cross-
prompt generalization remain non-trivial [89].

The emergence of instruction-following large language models (LLMs) has renewed in-
terest in zero-/few-shot AES. Empirical studies report mixed outcomes: while models
like GPT-4 can approximate human ratings in some settings (e.g., CEFR for short L2
essays or discourse coherence proxies), they do not uniformly surpass strong supervised
AES baselines and are sensitive to rubric design and prompt wording [90, 911, 92]. These
findings underscore a gap between general-purpose LLM capabilities and rubric-grounded,
reliable assessment.

Our Automatic Syntax Feedback System leverages LLMs not primarily for holistic scor-
ing but for targeted, rubric-informed syntactic guidance. By emphasizing sentence-level
syntactic quality and clarity—dimensions long recognized as important to coherence and
readability [75]—our approach complements AES: it can support scoring pipelines while
providing actionable, fine-grained suggestions that directly address common learner needs.
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2.4.2 Essay Feedback Generation

Recent surveys highlight both the promise and risks of LLMs in education, especially for
scalable, personalized feedback [93, [94]. Beyond raw generative ability, two strategies ap-
pear crucial for educational feedback quality: (i) grounding the model in golden knowledge
(e.g., explicit rubrics, canonical examples, and accurate model answers) and (ii) closing
the loop with automated critique and revision [95]. Systems that jointly tackle scoring
and feedback (e.g., FABRIC) illustrate the potential of pairing rubric-aware evaluation
with constructive suggestions [96], while broader analyses argue for a shift from automa-
tion to augmentation—using LLMs to amplify teachers’ and learners’ efforts rather than
replace them [97].

Our system operationalizes these insights for syntax-focused feedback: it enriches LLMs
with rubric explanations and pedagogically grounded exemplars, then elicits concise, con-
structive suggestions that are localized to sentences and phrases. This rubric-grounded,
syntactic emphasis is designed to make feedback immediate, specific, and instructionally
useful, thereby complementing holistic AES and advancing practical support for writing
improvement [93], [95], [96].

2.5 Integrative Synthesis and Thesis Positioning

Across the four strands reviewed—pedagogy-aware content generation frameworks, cross-
word generation, question generation (QG), and automated syntax feedback—three themes
recur: (i) scale versus specificity, (ii) multilingual equity, and (iii) pedagogy and reliab-
ility. Early ITS and rule-/template-heavy pipelines showed that automation is possible
but depend on costly authoring and struggle to meet classroom constraints on difficulty,
grounding, and format without heavy human oversight [20, 21} 22} [23]. Recent instruction-
following LLMs broaden capability, yet naive prompting can drift from sources, produce
uneven difficulty, and weaken quality control, especially outside English [26] 27, 28]. These
tensions are most acute in low-resource, morphologically complex, or right-to-left lan-
guages where tokenization, orthography, and evaluation complicate deployment [29].

In crossword generation, much prior work either couples rules and dictionaries or treats
LLMs as generalists with few-shot prompts [14} [15] [16] [I'7, 46]. Under-explored is educa-
tional clueing from source texts with clear accuracy, clarity, and text-grounding guaran-
tees—and doing so across typologically diverse languages. In QG, the field moved from
templates and early neural models to transformer-based and instruction-following LLMs
[24 48, [25] 54, 28], but educational settings impose extra constraints: answer-awareness,
distractor plausibility without ambiguity, depth of comprehension beyond surface recall,
and difficulty control aligned to syllabi—challenges compounded in Persian and Turkish
due to resource scarcity and morphology [64} [65, 66}, 29, [71]. For writing support, research
on AES and feedback has advanced, yet general-purpose LLMs can over-correct or give
generic advice; sentence-level, minimal-edit, rule-aware feedback that “does no harm”
when uncertain remains a gap for trustworthy classroom use [74, [90, [94, [93].

These observations motivate a framework, not just a model: one that converts abundant
raw text into pedagogy-aligned artifacts at scale; operates reliably across languages; and
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is feasible to deploy as open, efficient systems. This thesis responds with a two-stage dis-
tillation pipeline that (1) uses a high-capacity teacher LLM to synthesize task-structured,
source-grounded supervision (e.g., (Text) — (Clue, Answer);

(Text) — (MCQ with calibrated distractors);

(Essay sentence) — (Minimal correction, explanation)), and (2) instruction-tunes com-
pact open models (students) that inherit these capabilities with better efficiency and
controllability [26] 32, [33, [34]. Beyond reducing reliance on proprietary teachers, this
approach institutionalizes guardrails—grounding, task schemas, and verification—so out-
puts serve explicit learning objectives [30, 311 [95, [96].

How this framework reconciles gaps in prior work.

e Scale with structure. Rather than ad-hoc prompting, the pipeline mass-produces
Instruct-style datasets that encode the target artifact and rubric, turning general
LLM competence into consistent educational outputs [26], 32} [33].

e Multilingual equity. By distilling into open models and curating language-aware
instructions (e.g., diacritic normalization, agglutinative morphology, RTL hand-
ling), the approach mitigates English-centric bias and enables tools for Italian, Ar-
abic, Turkish, and Persian [29] 2§].

¢ Pedagogical fidelity and reliability. Tasks are designed to be answer-aware,
minimally edited, and difficulty-calibrated; verification filters and rubric-grounded
rationales reduce ambiguity, over-correction, and hallucinations that undermine
classroom trust [95 [96] [94].

This synthesis sets up the thesis’ main research question—how to systematic-
ally adapt general LLMs to generate diverse, high-quality educational content for under-
resourced languages—and three task-specific sub-questions: multilingual educational cross-
words (RQ1), assessment-grade QG in Persian/Turkish (RQ2), and precise syntax feed-
back in English (RQ3). Each task inherits the same design DNA (text grounding, task
schemas, calibration), demonstrating that a single distillation methodology can span gami-
fied practice, formal assessment, and corrective feedback [28] 29] [30].

2.6 Knowledge Distillation: Historical Roots and Mod
ern Architectures

The democratization of Large Language Models (LLMs) is currently predicated on the
paradigm of Knowledge Distillation (KD)—the process of transferring capabilities from
a high-capacity “teacher” model to a more efficient “student” model. While frequently
framed as a recent innovation necessitated by the size of Transformer models, the the-
oretical and methodological foundations of distillation were established nearly a decade
prior to the deep learning revolution. This section provides a rigorous historical review of
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KD, traces its evolution from ensemble compression to generative sequence approxima-
tion, and analyzes the specific algorithmic challenges of distilling probabilistic generative
models.

2.6.1 The Pre-Deep Learning Era: Model Compression (2006)

The intellectual lineage of distillation begins with the work of [98] on “Model Com-
pression.” In the mid-2000s, the state-of-the-art in machine learning was dominated by
massive ensembles of decision trees and bagged classifiers. While these ensembles offered
superior predictive performance by averaging out the variances of individual estimators,
they incurred prohibitive computational costs during inference, requiring the storage and
execution of thousands of sub-models.

Bucila et al. proposed a solution that remains the blueprint for modern KD: they
demonstrated that a single neural network (the student) could approximate the func-
tion learned by a massive ensemble (the teacher) if trained on a sufficiently large dataset
labeled by the teacher. Crucially, they introduced the method of MUNGE (Model Un-
known Data Generation), which synthesized pseudo-data to probe the decision bound-
aries of the teacher in regions sparse in the original training data. They observed that
the teacher’s predictions provided a “richer” supervisory signal than the original one-hot
ground truth labels. By training the student to minimize the Root Mean Squared Er-
ror (RMSE) between its logits and the ensemble’s logits, they successfully compressed
the complex decision surface of the ensemble into a deployable neural network, achieving
accuracy comparable to the ensemble with a fraction of the inference latency.

2.6.2 The Formalization of Dark Knowledge (2015)

The resurgence of deep neural networks led [99] to formalize and generalize these find-
ings in their seminal paper, “Distilling the Knowledge in a Neural Network.” Hinton et
al. argued that the “knowledge” of a trained model is not solely contained in its final
discrete decisions but in the Dark Knowledge—the rich information hidden in the relative
probabilities assigned to incorrect classes.

In a standard classification task (e.g., MNIST), a high-capacity model might classify
an image of a “3” with a probability of 0.99. However, the remaining 0.01 probability mass
is not uniformly distributed; the model might assign 1073 to “8” (because 3s look like
8s) and 10~ to “7”. This ratio (1072 vs 107%) encodes structural similarity information
about the data manifold that is destroyed when using hard labels. To expose this dark
knowledge to the student, Hinton introduced the temperature hyperparameter 7' in the
softmax function. The probability ¢; of class i is computed from logits z; as:

o= &) 2.1)

DY j exp(z;/T)
As T — oo, the probability distribution flattens, amplifying the gradients from the
non-target classes. The student model is trained to minimize a combined objective func-
tion consisting of the standard cross-entropy loss with ground truth labels (to ensure
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accuracy) and the Kullback-Leibler (KL) divergence with the teacher’s softened output
distribution (to inherit generalization).

2.6.3 Distillation in the Transformer Era: Sequence-Level and
Feature-Based Approaches

The application of KD to Natural Language Processing (NLP) introduced unique chal-
lenges, primarily the shift from classification (discriminative) to generation (generat-
ive). [I00] pioneered Sequence-Level Knowledge Distillation (SeqKD) for Neural Ma-
chine Translation. They demonstrated that training a student to mimic the teacher’s
token-level probabilities (Word-Level KD) was insufficient for capturing long-range de-
pendencies. Instead, they proposed training the student on the beam search outputs of
the teacher. Effectively, the teacher’s generated sequence becomes the new ground truth.
This simplifies the learning landscape for the student: the teacher’s output distribution
typically has lower entropy and fewer modes than the real data distribution, allowing the
student to approximate the teacher’s greedy decoding path with high fidelity.

Parallel to response-based distillation, Feature-Based Distillation emerged to address
the depth of modern networks. [I01] introduced “FitNets,” which utilized regressor heads
to align the intermediate hidden states of the student with those of the teacher. This
forces the student to mimic not just the final decision, but the hierarchical feature ex-
traction process of the teacher. In the context of BERT and Transformers, this evolved
into mapping attention matrices, ensuring that the student model attends to the same
linguistic dependencies (e.g., subject-verb agreement heads) as the teacher [102].

2.6.4 The Divergence Problem in Generative LLMs

A critical theoretical divergence exists in distilling autoregressive LLMs. Standard KD
minimizes the Forward KL Divergence (Dxi(P || Q)), where P is the teacher and @ is
the student. Forward KL has a “zero-avoiding” or “mean-seeking” behavior: it forces the
student to cover the entire support of the teacher’s distribution.

Dia(P 1| Q) = X Poos () (22)

Because high-capacity teachers (e.g., GPT-4) assign non-zero probability to a vast range
of diverse text continuations, a low-capacity student attempting to cover this wide distri-
bution often spreads its probability mass too thin, resulting in incoherent text (the “void”
region problem).

Recent advancements, such as MiniLLM [I03], propose minimizing the Reverse KL
Divergence (D1, (Q || P)). Reverse KL has a “zero-forcing” or “mode-seeking” behavior.
It heavily penalizes the student for assigning probability to regions where the teacher has
low probability, but it does not penalize the student for missing some of the teacher’s
modes. This encourages the student to focus on the most likely, high-quality responses
(the modes) and ignore the long tail, resulting in more precise and reliable generation at
the cost of diversity.
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2.6.5 Black-Box Distillation: Self-Instruct and Evolutionary Heur-
istics
In the current ecosystem, access to the weights or logits of state-of-the-art models (like

GPT-4) is often restricted, giving rise to Black-Box Distillation or Instruction Tuning.
Here, the student learns solely from the text generated by the teacher.

o Self-Instruct: [104] demonstrated that a model could bootstrap its own supervi-
sion. Starting with a small seed of human-written tasks, the model generates new
instructions and input-output pairs, filters them for diversity, and then fine-tunes
itself on this synthetic dataset.

o Evol-Instruct: To prevent the student from plateauing on simple tasks, [105] in-
troduced “Evol-Instruct.” This method uses specific heuristics (In-Depth Evolving)
to rewriting instructions to be explicitly more complex—adding constraints, increas-
ing reasoning steps, or complicating inputs. This creates a curriculum of increasing
difficulty, effectively distilling the teacher’s reasoning capabilities rather than just
its linguistic surface forms.

2.7 Reliability and Failure Modes: Hallucination and
Bias in Probabilistic Models

The deployment of Large Language Models (LLMs) in educational settings is often pre-
dicated on an assumption of reliability that contradicts the fundamental architecture of
these systems. As probabilistic next-token predictors, LLMs operate without a ground-
truth model of the world, leading to intrinsic failure modes that are not merely bugs
but artifacts of their design. This section provides a taxonomy of these failures, spe-
cifically Hallucination and Bias, and analyzes their implications for educational content
generation.

2.7.1 The Stochastic Parrot Hypothesis

The foundational critique of LLM reliability is articulated by [106] in their characteriz-
ation of LLMs as “Stochastic Parrots.” They argue that LLMs stitch together linguistic
forms based on probabilistic dependencies observed in training data, without access to
meaning (semantics) or communicative intent. Unlike a human educator who constructs
an explanation based on a verifyable truth, an LLM generates text based on what is
statistically plausible. This disconnect between form and meaning is the root cause of
hallucination: the model can generate fluent, authoritative-sounding assertions that are
factually vacuous.

2.7.2 Taxonomy of Hallucinations

In the context of Natural Language Generation (NLG), hallucination is defined as gen-
erated content that is nonsensical or unfaithful to the source. [107] and [108] provide a
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rigorous taxonomy distinguishing between two primary categories:

Factuality Hallucinations (Open-Domain)

Factuality hallucinations occur when the model fabricates information that contradicts
established real-world knowledge. This is prevalent in open-domain question answering
where the model relies on its compressed parametric memory.

¢ Fabrication: The invention of non-existent entities, events, or citations. For ex-
ample, in academic writing tasks, LLMs frequently generate plausible-looking but
non-existent bibliographic references (the “hallucinated citation” phenomenon).

o Misattribution: The conflation of properties between two real entities (e.g., at-
tributing a theory by Piaget to Vygotsky). This often occurs because the entities
share similar embedding spaces in the model’s high-dimensional representation.

Faithfulness Hallucinations (Closed-Domain)

Faithfulness hallucinations occur in grounded tasks, such as summarization or Reading
Comprehension, where the model is provided with a specific source text.

¢ Intrinsic Hallucination: The generated output logically contradicts the provided
source text. This represents a failure of reasoning or comprehension.

e Extrinsic Hallucination: The generated output contains information not present
in the source text. While the information might be factually true in the real world
(e.g., adding the capital of a country mentioned in the text), it constitutes a hallu-
cination in the context of the task because it violates the closed-world assumption
of the prompt.

2.7.3 Sociotechnical Bias: Allocational vs. Representational Harms

Beyond factual errors, LLMs reproduce and amplify the systemic biases present in their
training corpora. Following the framework established by [109] and [IT0], these biases
can be categorized into two distinct types of downstream harm:

Allocational Harms

Allocational harms arise when an automated system unfairly distributes resources or
opportunities among social groups. In the educational context, this is a critical risk in
Automated Essay Scoring (AES) and admissions screening.

e Linguistic Bias: Studies have shown that LLM-based detectors and graders sys-
tematically penalize text written by non-native English speakers [I11]. These mod-
els often use perplexity (a measure of text complexity and unpredictability) as a
proxy for quality or human-likeness. Non-native speakers, who may use simpler
or more formulaic constructs, receive higher perplexity scores (interpreted as “Al-
generated”) or lower quality ratings, regardless of the argumentative coherence of
their work.
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Representational Harms

Representational harms involve the reinforcement of subordination, negative stereotypes,
or erasure, independent of resource allocation.

o Associative Hallucination: LLMs exhibit strong associative biases. When gen-
erating content about specific roles (e.g., “nurse,” “engineer”), models often hallu-
cinate gender or racial attributes based on stereotypes, even when such information
is not specified in the prompt.

e Cultural Erasure: The dominance of English and Western-centric data in training
corpora (e.g., Common Crawl) leads to a “hegemonic worldview” where the model
defaults to Western cultural norms, obscuring or misrepresenting indigenous or non-
Western perspectives in history or social studies content.

2.8 Pedagogical Validity: The Tension Between Gen-
eration and Learning

The integration of Generative Al into education has precipitated a crisis of validity. While
AT tools demonstrate an unprecedented capacity for content generation—rapidly produ-
cing lesson plans, quizzes, and feedback—this capability is distinct from, and occasionally
antithetical to, the validation of learning outcomes. This section examines the pedagogical
implications of AI through the lenses of the TPACK framework, psychometric validity,
and cognitive science.

2.8.1 Framework Evolution: From TPACK to AI-TPACK

The effective integration of technology in education has traditionally been theorized using
the Technological Pedagogical Content Knowledge (TPACK) framework [112].
TPACK posits that expert teaching emerges from the intersection of Content Knowledge
(CK), Pedagogical Knowledge (PK), and Technological Knowledge (TK). However, tradi-
tional TPACK treats technology as a passive tool (e.g., a whiteboard or calculator) that
is operated by the teacher.

Generative Al disrupts this model because it possesses agency; it acts as a semi-autonomous
content creator. To address this, scholars have proposed AI-TPACK or Intelligent-
TPACK [I13]. This extended framework requires:

o AI-TK (AI-Technological Knowledge): Understanding the specific affordances
and limitations of LLMs, such as their probabilistic nature, token limits, and hal-
lucination rates.

e AI-PK (AI-Pedagogical Knowledge): Knowledge of how to use Al to support
specific pedagogical strategies (e.g., scaffolding, personalized feedback) without un-
dermining student agency.
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e Ethical Knowledge: A critical component often added to AI-TPACK is the ability
to evaluate the bias and integrity of Al-generated materials before they reach the
student.

Without this specialized knowledge, teachers risk what is termed “automation bias”—the
tendency to uncritically accept the output of an automated system as correct, leading to
the propagation of errors in the classroom.

2.8.2 The Validity of Automatic Item Generation (AIG)

A primary use case for LLMs is Automatic Item Generation (AIG)—the creation of Mul-
tiple Choice Questions (MCQs) and assessments. [114] established that valid AIG requires
rigid cognitive models to ensure that items map correctly to specific learning objectives.
LLM-based generation often bypasses this rigorous structure.

Recent empirical studies utilizing Item Response Theory (IRT) have highlighted
significant threats to the validity of Al-generated items [I15].

e Distractor Efficiency: A critical component of MCQ validity is the quality of
distractors (wrong answers). Effective distractors must be plausible to a student
with partial knowledge. [116] found that while LLMs generate grammatically per-
fect items, the distractors are often nonsensical or easily eliminated by test-taking
strategies (e.g., length cues), resulting in items with low discrimination indices (a-
parameter in IRT).

e Construct Irrelevance: LLMs tend to generate items that test surface-level recall
(Bloom’s Taxonomy Level 1) rather than higher-order thinking, even when promp-
ted otherwise. This introduces construct under-representation, where the test fails
to measure the intended depth of student understanding.

2.8.3 Cognitive Offloading and "Desirable Difficulties"

Perhaps the most profound pedagogical risk is the phenomenon of Cognitive Offload-
ing. Learning requires what [I17] termed Desirable Difficulties—conditions of instruction
that appear to slow the rate of acquisition but actually enhance long-term retention and
transfer. These include retrieval practice (struggling to recall information) and generative
processing (struggling to formulate an answer).

Generative Al acts as a “friction-reduction” technology. By providing instant summaries,
code completion, or essay drafts, it removes the very struggle necessary for memory encod-
ing. The “Lazy Thinker” hypothesis suggests that humans are cognitive misers who will
naturally offload cognitive effort to the path of least resistance. Recent controlled exper-
iments [118], [1T19] confirm this: students who used Al tutors to solve problems performed
better during the practice phase (performance) but significantly worse on subsequent
unassisted exams (learning) compared to students who struggled without AI. This disso-
ciation between immediate performance and long-term learning indicates that unguided
AT use can create an “illusion of competence” while actively atrophyng deep learning
capabilities.
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Chapter 3

A Unified Methodological Framework: From
Language to Learning

3.1 Introduction: The Grand Challenge and a Prin-
cipled Solution

The promise of modern educational technology to deliver truly personalized and scalable
learning experiences has long been hindered by a fundamental bottleneck: the creation
of high-quality, pedagogically sound, and culturally relevant content. While digital plat-
forms have matured as delivery mechanisms, the educational "fuel'—the vast array of
practice items, formative assessments, and targeted feedback—remains a scarce resource,
particularly for non-English languages. This scarcity creates a digital language divide, ob-
structing educational equity and concentrating the benefits of Al-enabled learning among
speakers of a few dominant languages. Hand-crafting bespoke materials is economically
and logistically infeasible at the scale required to serve the long tail of learning, which
encompasses a vast spectrum of subjects, proficiency levels, and pedagogical contexts.
The advent of Large Language Models (LLMs) presents a paradigm shift, offering a po-
tential solution to this content generation challenge. However, the naive prompting of
general-purpose models is insufficient for the rigorous demands of education. Uncon-
strained outputs frequently hallucinate facts, drift from source materials, and produce
feedback that is too vague to be instructionally useful, thereby undermining the reliab-
ility required for classroom use. Moreover, an exclusive reliance on proprietary, closed-
source "teacher" models limits accessibility, auditability, and sustainable deployment in
real-world educational settings.

This thesis contends that bridging the gap between general LLM competence and the
specific, nuanced needs of multilingual education requires a systematic, replicable, and
robust methodology. In response, this work introduces and validates the “From Lan-
guage to Learning” framework, a unified, LLM-driven approach for transforming
powerful, general-purpose models into highly specialized, efficient, and open-source edu-
cational tools. The framework is architected around a novel two-stage distillation pro-
cess designed to systematically transfer the sophisticated capabilities of a large "teacher"
model into a smaller, more accessible "student" model, optimized for a specific pedago-
gical task.

This chapter provides a comprehensive exposition of this framework. It begins by out-
lining the conceptual foundations and design principles that guide its architecture. It
then delves into a detailed examination of the two-stage distillation process: Stage 1,



28 3. A Unified Methodological Framework: From Language to Learning

the synthesis of high-quality, task-specific instructional datasets (the Instruct series);
and Stage 2, the instruction fine-tuning process that creates specialized student mod-
els. Subsequently, it abstracts the framework’s core functional components—ingestion,
generation, validation, and evaluation—which are consistently applied across all tasks.
Finally, it synthesizes how this unified methodology is instantiated across the three dis-
tinct pedagogical domains explored in this thesis: gamified learning, formal assessment,
and writing assistance.

The framework is explicitly designed to meet five critical objectives:

e Scale: To transform abundant, unstructured raw text into structured, pedagogic-
ally valuable artifacts for a wide array of topics.

o Pedagogical Fidelity: To encode specific task structures (e.g., crossword clue
formats, MCQ distractor quality) and allow for the calibration of difficulty and
content alignment.

e Multilingual Equity: To operate effectively across typologically diverse languages,
including under-resourced ones, without requiring bespoke, hand-engineered pipelines
for each language.

o Efficiency and Openness: To distill capabilities into smaller, open-source models
that are suitable for cost-effective and local deployment, thereby democratizing
access to Al-powered educational tools.

¢ Reliability and Evaluation: To ground generated content in source material,
control for hallucinations, and validate outputs through a combination of systematic
human and automatic measures.

By operationalizing these principles, the "From Language to Learning" framework
offers a validated blueprint that bridges the gap between general-purpose language models
and the specific needs of multilingual education, paving the way for the next generation
of Al-powered learning technologies.

3.2 Architectural Deep Dive: The Two-Stage Distilla-
tion Process

At the heart of the framework lies a systematic, two-stage distillation process conceived to
create high-quality, task-specific instructional datasets and use them to specialize smaller,
open-source models. This teacher-student paradigm is designed to be both scalable and
cost-effective, leveraging the advanced reasoning of a frontier model to create supervision
data that is perfectly aligned with the target educational function.

3.2.1 Stage 1: Synthetic Data Generation via Expert Prompting

The first and most critical stage of the framework is the creation of a large-scale, struc-
tured, and high-quality instructional dataset, which we term the Instruct series. This
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Figure 3.1: A high-level schematic of the "From Language to Learning" framework. Stage
1 involves a "teacher" LLM transforming unstructured text and task instructions into a
structured Instruct Series dataset. Stage 2 uses this dataset to fine-tune a smaller, open-
source "student" LLM, resulting in a specialized and efficient educational tool.

process transforms raw, unstructured text into tailored supervision data by prompting a
state-of-the-art "teacher' LLM to act as an expert content creator.

The Role of the "Teacher" Model

The success of this stage is fundamentally dependent on the capabilities of the teacher
model, which is typically a large, proprietary LLM (e.g., GPT-4) chosen for its super-
ior instruction-following, reasoning, and multilingual generation abilities. Its role is to
execute a complex transformation, mapping unstructured input to a structured output
format defined by the pedagogical task. For the diverse applications in this thesis, these
transformations included:

o For Crossword Generation: (Text) — (Clue, Answer, Category).

o For Question Generation: (Text) — (Question, Correct Answer, Distractors).
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o For Syntax Feedback: (EssaySentence) — (CorrectedSentence, Feedback).

The quality ceiling of the entire framework is set by the proficiency of this teacher model.
If the teacher model hallucinates facts, misunderstands pedagogical nuances, or intro-
duces biases from its pre-training data, these flaws are directly encoded into the synthetic
dataset, with the risk of being learned and amplified by the student model in Stage 2. This
dependence constitutes a foundational limitation, creating a "proprietary bottleneck" and
underscoring the need for careful validation of the generated seed data. For instance, a
quality spot-check was performed on the seed feedback for the syntax task, where human
raters confirmed that the vast majority of items were of high quality (rated A’ or 'B’),
thereby validating its suitability as supervision.

The Art of Prompt Engineering for Pedagogy

The generation of high-quality synthetic data is highly sensitive to the design of the
instructional prompts. Achieving the desired output structure, style, and pedagogical
quality requires extensive iteration and sophisticated prompt engineering, a process that
is more akin to crafting a detailed rubric or a software specification than simply asking
a question. The brittleness of prompts—where minor changes in wording can lead to
significant variations in output—necessitates a meticulous design process. This engin-
eering overhead is a significant aspect of the framework, requiring expertise in both the
educational domain and LLM behavior.
Across the thesis, several advanced prompting strategies were employed:

e Multi-Stage Prompt Cascades: For complex tasks like Persian MCQ generation,
a single prompt proved insufficient. A three-stage cascade was designed: (1) an
augmentation prompt to normalize content, (2) a generation prompt to draft the
MCQ, and (3) a refinement prompt to control for leakage and calibrate distractors.
This division of labor ensured higher quality and consistency.

e Category-Structured Schemas: For the syntax feedback task, the prompt en-
forced a strict seven-category schema (e.g., Misspelled Words, Punctuation, Art-
icles). It required the model to return either a list of ‘Error -> Correct version‘
pairs or ‘N/A¢ for each category, a format that imposes structure and ensures com-
prehensive yet precise feedback.

¢ Constraint-Driven Generation: For all tasks, prompts included explicit positive
and negative constraints. For educational crosswords, prompts instructed the model
to generate factual, non-leaking clues grounded in a source text. For Turkish quizzes,
the prompt enforced clarity, key uniqueness, and plausible distractors.

Source Material Curation and Preprocessing

The framework’s scalability hinges on its ability to leverage abundant unstructured text.
The choice and preparation of this source material significantly influence the final educa-
tional content.
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e Source Selection: A substantial portion of the source material for the crossword
and question generation tasks was derived from Wikipedia across all five languages.
This choice provides broad topical coverage but also inherits Wikipedia’s known
biases in style, perspective, and domain representation. For the syntax feedback
task, the source material was a corpus of authentic student essays, which required
careful ethical handling and anonymization.

e Preprocessing and Refinement: Raw text is rarely suitable for direct use. Pre-
processing steps were essential, including filtering pages by length and relevance, and
cleaning markup. A notable example is the placeholder repair step for student
essays, where a dedicated prompt was used to replace anonymization tokens (e.g.,
‘QPERSONT1¢) with contextually plausible, non-identifying surrogates to improve
readability and prevent the model from misinterpreting them as errors.

3.2.2 Stage 2: Instruction Fine-Tuning and Knowledge Distilla-
tion

In Stage 2, the synthetic Instruct data D = {(z,y@)}N | from Stage 1 is used to
specialize a smaller, open-source student model py (e.g., Llama/Mistral, 7-13B paramet-
ers) via instruction fine-tuning. The goal is to transfer the teacher’s task competency
into a compact model that is efficient, auditable, and deployable in educational settings.
As shown in our experiments, this step is decisive for reliability: base models perform
poorly off-the-shelf, while fine-tuned students achieve large gains in automatic and human
evaluations[]

The Role and Advantages of the "Student" Model

The student models are typically open-source, instruction-tuned LLMs from families like
Llama or Mistral, with parameter counts in the 7B to 13B range. The choice to distill
knowledge into these models is driven by several key advantages that are central to the
framework’s mission:

e Accessibility and Cost-Effectiveness: Fine-tuning is orders of magnitude cheaper
than pre-training a model from scratch. Using open-source models eliminates the
costs and access restrictions associated with proprietary APIs, making the final tool
deployable in a wider range of educational settings.

¢ Democratization and Auditability: The resulting specialized models are open-
source, allowing them to be freely used, audited for biases, and improved by the
broader educational and research community. This transparency is crucial for build-
ing trust and fostering collaborative development in educational technology.

e Specialization and Efficiency: The fine-tuning process creates a specialized ex-
pert, optimized to perform its designated educational function with high accuracy,

1See Chapter 8 results for Turkish MCQ/SAQ and the associated human ratings.
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consistency, and efficiency. As demonstrated across all tasks, these specialized mod-
els consistently outperform their general-purpose base versions, which often struggle
with specific formatting and pedagogical constraints.

The Mechanism of Parameter-Efficient Fine-Tuning (PEFT)

To make the fine-tuning process computationally tractable and efficient, the framework
employs Parameter-Efficient Fine-Tuning (PEFT) techniques, most notably Low-
Rank Adaptation (LoRA). Instead of updating all of the model’s billions of paramet-
ers, LoORA freezes the pre-trained model weights and injects trainable, low-rank decompos-
ition matrices into the layers of the Transformer architecture. This approach drastically
reduces the number of trainable parameters, leading to:

¢ Reduced Computational Cost: Training requires significantly less GPU memory
and time, making it feasible on commodity hardware.

¢ Modularity: The small, trained LoRA "adapters" can be stored and swapped out
easily, allowing a single base model to be adapted for multiple tasks without storing
many copies of the full model.

e Prevention of Catastrophic Forgetting: By keeping the original weights frozen,
PEFT helps the model retain its general language capabilities while learning the
new task.

The empirical results consistently show that even with this efficient tuning method, the
student models achieve substantial performance gains. For example, in the Turkish quiz
generation task, fine-tuning with LoRA led to sharp increases in both ROUGE scores and
the proportion of top-rated ('A’) items as judged by humans.

Training Objectives: SFT and Logit-Space Distillation

Let = denote the input (e.g., source text and task spec) and y = (y1,...,yr) the target
output (e.g., an MCQ with the required schema). The standard supervised fine-tuning
(SFT) objective maximizes the conditional likelihood under teacher forcing:

T
Lspr(0) = — Z Zlogpe(yt|y<t,x). (3.1)

(z,y)eD t=1

When teacher logits are available (or are recomputed in a frozen pass), we can augment
SFT with knowledge distillation (KD) using temperature scaling 7 > 0. Let ¢7.(- | z) and
pj(- | z) be the teacher and student token distributions at temperature 7 given context
2z = (y<t,x). The KD term minimizes the KL divergence between teacher and student
soft targets:

T
Lxp(0) = > STKL(GH( |yt @) | 05( | y<r, 7)) - (3.2)

(z,y)€D t=1
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The total loss interpolates SFT, KD, and standard regularization:
Liotal(0) = (1 =X) Lspr(0) + XLxp(0) + B0]3, A eo0,1]. (3.3)

Remark. In our experiments, we primarily use SFT on the synthetic references; KD
is an optional extension that can further stabilize learning, especially for stricter format
adherence or to reduce exposure bias.

Parameter-Efficient Fine-Tuning (PEFT) via LoRA

To make Stage 2 tractable on commodity GPUs, we adopt Low-Rank Adaptation
(LoRA). [120] Consider a pretrained linear projection [12I] W € Reu*din inside a
Transformer block (e.g., Wy, Wy, W, W, in attention; Wyp, Waown in the MLP). LoRA
freezes W and learns a low-rank update AW factored as:

AW = BA, B e R¥buwxr A e R < min(diy, dout).- (3.4)

The effective weight at training/inference is
1
W' =W + a-BA, (3.5)
r

where a > 0 is a scaling hyperparameter. Only A, B are trainable; W remains frozen.
The number of trainable parameters introduced per linear map is

#paramsy ;ga (W) = 7 (din + dout), (3.6)

which is orders of magnitude smaller than di,doyu. If LoRA is applied to m projections per
layer (e.g., m € {2,4,6} for {Q,V}, {Q,K,V,0}, or {Q,K,V,0,up,down}), and there are L
layers with approximately square maps (di, =~ dout = h), the total trainable parameters
scale as

#trainable ~ 2m Lhr, (3.7)

which grows linearly in the hidden size h, the rank r, and the number of adapted projec-
tions m.

Why this helps. (i) Compute/memory: Activations dominate memory; training only
A, B slashes optimizer state and gradient memory for frozen weights. (ii) Modularity:
LoRA adapters are small artifacts that can be swapped/merged, enabling one base to
serve many tasks. (ili) Forgetting: Freezing W preserves general linguistic competence
while A, B learn task structure.

Optimization and Practical Configuration

We optimize Liota) with AdamW and a cosine decay schedule with warmup. Gradient ac-
cumulation and checkpointing stabilize long sequences; mixed precision reduces memory.
We enforce output schemas (e.g., JSON blocks for MCQs/SAQs) at training time via
targets and at inference via constrained decoding and validators.

Typical hyperparameters used in this thesis.
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o Ranks/scales. Turkish QG: LoRA rank r=16, =32 on Llama-2 (7B/13B), 3 epochs,
LR 1x10~%; GPT-3.5 was fine-tuned via APIE]

e Persian MCQ. LoRA r=16, a=32; cosine LR 1x10™%; weight decay 1x10™%; seq. len.

3500; 3 epochs; training on dual A6000 GPUs with DeepSpeed/FlashAttentionH

o Syntax feedback. LoRA r=32, a=64; LR 3x10~%; total batch size 16; cosine schedule
with warmup 0.1; dual A6000 with DeepSpeed and FlashAttention QEI

Acknowledging the Semantic Gap

A key limitation of distillation, which this framework inherits, is the potential for a
"semantic gap". The student model becomes highly proficient at mimicking the surface
structure, format, and lexical choices present in the teacher’s synthetic data. However,
it may not fully acquire the deeper reasoning or nuanced judgment of the much larger
teacher model. This means its ability to generalize to out-of-distribution examples or
handle complex edge cases might be more limited. This is particularly relevant for tasks
requiring deep understanding, such as generating feedback for sophisticated writing errors
or crafting questions that test multi-hop inference.

3.3 Conclusion: A Replicable Blueprint for Educa-
tional Al

The "From Language to Learning" framework provides a robust and validated methodo-
logical blueprint for addressing the critical challenge of scalable, multilingual educational
content generation. Its two-stage distillation architecture systematically converts the gen-
eral competence of large LLMs into the specialized expertise of smaller, open-source mod-
els, guided by principles of scalability, pedagogical fidelity, and equity. By deconstructing
the framework into its architectural stages and functional components, this chapter has
illuminated the design choices, trade-offs, and practical considerations that underpin its
success across diverse tasks and languages.

While acknowledging its limitations—such as its dependence on the teacher model and
the overhead of prompt engineering—the framework’s core contribution is a practical,
replicable pathway that democratizes the development of Al-powered educational tools.
It shifts the paradigm from ad-hoc prompting of black-box models to a structured, trans-
parent, and pedagogy-driven process of model specialization. The empirical evidence
presented throughout this thesis confirms that this approach yields reliable, high-quality,
and specialized tools that significantly outperform their general-purpose counterparts. Ul-
timately, the "From Language to Learning" framework offers not just a set of techniques,
but a vision for a future where advanced Al can be safely and effectively harnessed to
make personalized, high-quality education accessible to all learners, in any language.

2See Section 8.2.3 for full details.
3See Section 9.2.3.
4See Section 10.2.3.

%



Part 111

Multilingual Crossword
Generation






Chapter 4

A Unified Framework for English
Educational Crossword Generation

4.1 Motivation and Scope

Crossword puzzles, when reoriented from entertainment to pedagogy, offer an engaging
and effective medium for reinforcing knowledge across a multitude of academic domains,
including science, geography, history, and vocabulary [38, 40} [39]. Unlike their tradi-
tional counterparts, which often rely on cryptic wordplay and thematic ambiguity, educa-
tional crosswords are characterized by a preference for clarity, factual content, and topical
grounding, enabling learners to form direct connections between clues and curricular ma-
terials. This pedagogical format encourages independent learning, strengthens memory
recall by compelling students to access previously learned information, and cultivates crit-
ical thinking and problem-solving skills through a low-stakes, interactive challenge that
provides immediate feedback.

Despite their established educational value, the widespread adoption of high-quality cross-
word puzzles in learning environments has been historically constrained by the significant
labor and specialized expertise required for their creation. Furthermore, existing compu-
tational resources and datasets are overwhelmingly tailored to traditional, entertainment-
focused crosswords. These conventional corpora of clue-answer pairs, while extensive, lack
a crucial element for educational applications: a direct link between a clue and a specific
source text from which its answer can be verifiably inferred. This textual grounding is
essential for two primary reasons. First, it ensures that the generated content is aligned
with a specific curriculum, allowing educators to create puzzles that directly support their
lesson plans. Second, it provides a vital mechanism for steering Large Language Mod-
els (LLMs) to generate factually accurate, contextually relevant clues while significantly
mitigating the risk of model hallucination—a critical requirement for any tool intended
for educational use.

This chapter introduces a novel, unified, and end-to-end framework designed to over-
come these limitations by automating the generation of English educational crosswords.
The framework’s principal innovation is a high-fidelity, context-grounded clue generator
powered by instruction-tuned LLMs. This advanced generator is made possible by a
purpose-built educational dataset, which we term clue-instruct, created specifically for
this task. The instruction-tuned model is integrated into a modular and robust pipeline
that includes components for data processing, clue validation, and final grid construc-
tion. Together, these elements constitute a practical, scalable, and reproducible recipe
for transforming unstructured educational texts into polished, classroom-ready crossword
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puzzles.

4.2 Framework Overview

The system is architected as a modular pipeline that accommodates two primary op-
erational modes, catering to different pedagogical scenarios and available inputs. This
dual-path design, illustrated in Figure ensures both flexibility for educators and ro-
bustness in content generation.

o Path (a): Text-Conditioned Generation. This is the primary and most soph-
isticated mode of operation, designed for instances where a source text—such as a
textbook chapter, an academic article, or a set of lecture notes—is available. In
this path, the framework first performs automated keyword extraction to identify
salient terms and concepts within the text. Subsequently, it employs a specialized,
instruction-tuned LLM to generate clues that are factually grounded in the provided
context. This path is the preferred method for creating deeply curriculum-aligned
puzzles that reinforce specific learning materials.

o Path (b): Answer-Only Generation. This mode is designed for scenarios where
an educator provides a pre-defined list of answers or keywords without an accompa-
nying source text. This is common for vocabulary reviews, end-of-unit summaries,
or topic-based activities. In this path, the framework utilizes LLMs that have been
fine-tuned on a vast historical corpus of clue-answer pairs to generate relevant and
well-formed clues based solely on the input answers.

Crucially, the outputs from both generation paths converge into a unified, two-stage
validation and filtering process. This shared quality assurance mechanism ensures that
all candidate clue-answer pairs, regardless of their origin, meet stringent pedagogical
standards. The validated pairs are then passed to a final schema generator, which al-
gorithmically assembles them into a compact and coherent crossword grid. The system
also provides an optional interface for users to review and manually select their preferred
clue-answer pairs before the final grid is constructed, allowing for a human-in-the-loop
approach to puzzle creation.

4.3 Foundational Data Resources

The development and efficacy of the framework are critically dependent on two large-
scale, complementary data resources. One is a massive historical corpus that captures the
breadth of conventional crossword styles, and the other is a novel, purpose-built dataset
designed specifically for the nuances of educational, text-grounded clue generation.

4.3.1 Century-Scale Clue-Answer Corpus (1913-2021)

To support the answer-only generation path and to train the system’s validation com-
ponents, a comprehensive database of historical crosswords was constructed. The data
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Figure 4.1: System architecture: The framework supports two generation paths that
converge on shared validation and schema generation components. (a) Text-conditioned
generation for curriculum-aligned puzzles. (b) Answer-only generation for keyword-based
reviews.

collection process involved a combination of manual extraction from physical print sources
and automated web scraping of online crossword archives and databases. The resulting
corpus is extensive, comprising 7,327,448 clue-answer pairs and covering a temporal span
from 1913 to mid-2021. This vast collection includes approximately 300,000 unique an-
swers and showcases a wide diversity of clue styles, such as fill-in-the-blank, conditional,
and synonymic definitions.

A meticulous preprocessing pipeline was applied to the raw data to ensure its quality and
utility. This involved de-duplication of identical pairs, the removal of cross-referenced
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clues (i.e., clues that refer to other entries within the same puzzle), and the filtering of
outliers. The cleaned corpus serves two critical functions within the framework:

1. It provides the large-scale, supervised training data required to fine-tune the gener-
ative models for the Answer-Only path (b).

2. It is used to train the learned validator, a key component of the quality assurance
pipeline that is applied to outputs from both generation paths.

Figure [£.2] visualizes the distribution of entries by answer length, providing insights into
common word lengths in English crosswords for the Century-Scale Clue—Answer Corpus.

NUMDEr OT ENTrIes ana ANSWErS Dy Lengtn of Answer

=== Unique entries
= Unique answers

200k

100k

# of entries

10

9
Length of the answer

Figure 4.2: Distribution of database entries by answer length, showing unique clue-answer
pairs (blue) and unique answers (red).

4.3.2 Clue-Instruct: A Dataset for Context-Grounded Instruc-
tion Tuning

The most significant limitation of existing resources is the absence of datasets for edu-
cational, text-grounded clues. To address this gap and to power the high-fidelity Text-
Conditioned path (a), we developed clue-instruct, a novel dataset specifically de-
signed for this purpose. To our knowledge, it is the first publicly available corpus that
systematically associates crossword clues with both a corresponding answer and a source
context from which that answer can be inferred.

The dataset was constructed using a semi-automated pipeline that begins with informa-
tion extraction from English Wikipedia. The initial sections of articles, which typically
contain concise definitions and key facts, were mined for relevant content. A rigorous
screening process was applied to filter this content based on page metadata (e.g., retain-
ing pages with high view counts or a "Top" importance rating), context length (keeping
texts between 30 and 1000 words), and keyword constraints (e.g., keywords must be
between 3 and 20 characters and contain no more than three words).

For each screened ‘(context, keyword, category)‘ triplet, a powerful LLM (GPT-3.5-
Turbo) [122] was prompted to generate three distinct, educational-style clues. The final
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clue-instruct dataset contains 44,075 unique examples, totaling 132,225 context-
grounded clues across 20 broad categories. As shown in Figure [£3] the dataset has
strong coverage in academic subjects like ’Geography’, 'Science’, and "Applied Science’.
This dataset is the cornerstone resource that enables the instruction-tuning of LLMs to
perform the nuanced task of educational clue generation with high fidelity.

Science Philosophy
History

Languages

Computing

Entertainment

Figure 4.3: Category distribution for the 44,075 examples in clue-instruct, showing a
dominance of academic subjects.

4.4 Methodology: From Text to Puzzle

The framework’s methodology is divided into three sequential stages: (1) Clue Generation,
which operates via one of the two distinct paths; (2) Validation and Filtering, a shared
quality control gate; and (3) Schema Generation, the final assembly of the puzzle.
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4.4.1 Clue Generation
Path (a): Context-Grounded Generation via Instruction Tuning

For the text-conditioned path, the goal is to produce clues that are faithfully entailed by a
source text. The original implementation of this path relied on zero/few-shot prompting
of general-purpose LLMs. While functional, this approach can suffer from inconsistent
output quality and reliability. To create a more robust and professional-grade generator,
we developed an advanced methodology centered on instruction-tuning specialized models,
enabled by the clue-instruct dataset.

Data Preparation and Prompting. The process begins with the data construction
pipeline developed for clue-instruct, as shown in Figure An input text is segmen-
ted, and salient keywords are automatically extracted. For each keyword, a structured
prompt is dynamically created. This prompt, depicted in Figure [4.4] provides the model
with the keyword, its associated category, and the source context paragraph. It contains
explicit instructions for the model to find relevant facts in the context and generate three
short, clever clues that do not contain the keyword itself, formatted as a JSON object.

Figure 4.4: The structured prompt used to guide the LLM in generating educational clues
for the clue-instruct dataset .

Validation of the clue-instruct Dataset. To assess the quality of the synthetically
generated dataset, we conducted a rigorous human evaluation on a sample of its contents
. A subset of 600 examples, corresponding to 1,800 individual clues, was annotated by
human evaluators according to a five-level rating scale . The rating guidelines were defined
as follows:

e RATING-A: The clue is valid, well-formed, and coherent with the given context,

answer, and category .

¢ RATING-B: An acceptable clue with minor imperfections, such as a loose correl-
ation with the specified category .

¢ RATING-C: The clue is relevant to the answer but is too generic or correlates
only loosely with the source context .

¢ RATING-D: The clue is incorrect or irrelevant with respect to the answer or
context.
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Data > Data ) Craft the Clues
Retrieval Screening ‘ Prompt . Generation
(a) (b) (c) (d)

Figure 4.5: The data construction pipeline for clue-instruct, which forms the basis
of the text-conditioned generation path: (a) information extraction from Wikipedia, (b)
data screening and filtering, (c) prompt design, and (d) clue generation using a teacher
model (GPT-3.5-Turbo).

¢ RATING-E: The clue is unacceptable because it contains the answer or a direct
variant of it.

The results of this evaluation, shown in Figure [4.6] confirmed the high quality of the
dataset. Over 72% of the clues received the highest score (RATING-A), and this figure
rises to 81% when considering clues rated A or B as acceptable. This validation was critical
in confirming that clue-instruct is a high-quality resource suitable for supervised fine-
tuning. Table[d.I|provides illustrative examples of generated clues and their corresponding
human-assigned ratings.

Distribution of Clue Ratings
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Figure 4.6: Distribution of human-assigned ratings on a sample of 1,800 clues from the
clue-instruct dataset, demonstrating high overall quality.

Improving Reliability with Instruction Tuning. To move beyond the limitations
of zero-shot or few-shot prompting, we leverage the clue-instruct dataset to fine-tune
a range of open-source, instruction-following LLMs, including variants of LLaMA2-chat
(7B, 13B) [123] and MPT-instruct (7B, 30B) [I24]. The fine-tuning process is performed
efficiently using Low-Rank Adaptation (LoRA) [12I] , with a rank of » = 16 and alpha of
«a = 32, over two epochs. This instruction-tuning process specializes the models for the
specific task of educational clue generation. As our experimental results demonstrate, this

SKIP
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Table 4.1: Examples of generated clues from the clue-instruct dataset with their as-
signed human ratings, illustrating the quality criteria.

Answer Category Clue Rating

Robocall Society May be blocked by phone A
companies to prevent scams

Ministry Of Magic  Literature Corrupt and incompetent A

government in J.K. Rowling’s
Wizarding World

Lovesick Literature Renewed for a third season, C
released exclusively on Netflix

South American ta- Science One of the four recognized E

pir species in the tapir family

alignment dramatically improves their ability to consistently adhere to the required JSON
output format, generate clues of higher quality, and ensure strong factual grounding in
the source text, significantly outperforming their off-the-shelf counterparts.

Path (b): Answer-Only Generation

In the absence of a source text, the framework’s second path generates clues based solely
on a provided list of answers. To enable this functionality, we fine-tuned a suite of
generative models with varying parameter counts—specifically, GPT3-DaVinci (175B),
GPT3-Curie (13B), and GPT2-XL (1.5B)—on a large subset of the historical crossword
corpus described in Section This training process exposes the models to the vast
diversity of lexical patterns and stylistic conventions found in human-authored cross-
words, enabling them to produce plausible and well-formed clues even without contextual
grounding.

4.4.2 Shared Component: Validation and Filtering

A critical step in ensuring the pedagogical utility of the generated content is a rigorous
validation process. To this end, outputs from both generation paths are passed through
a shared, two-stage validation filter designed to maximize precision and eliminate low-
quality pairs.

1. Rule-Based Checks: A set of deterministic heuristics provides a first-pass filter
for common and easily identifiable errors. These rules include rejecting answers
composed of more than three words, filtering out clues that explicitly contain the
answer string, and checking for basic grammatical and length constraints.

2. Learned Classifier: To address more nuanced quality issues, we developed a su-
pervised binary classifier. This validator was trained on a human-labeled dataset
of 6,000 clue-answer pairs (evenly balanced between acceptable and unacceptable
examples) drawn from the historical corpus. We trained several models for this
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classification task, including various sizes of GPT-3 (Davinci, Curie, Babbage, Ada)
and BERT-base, to serve as an effective quality gate.

This cascaded validation approach significantly reduces the number of flawed pairs, thereby
minimizing the need for manual curation by educators.

4.4.3 Shared Component: Schema (Grid) Generator

The final stage of the framework, schema generation, is handled by an algorithmic layout
engine. This engine iteratively places validated answer-clue pairs into a grid, aiming to
maximize several quality metrics to produce a compact and highly interlocked crossword
puzzle suitable for educational use. The process is guided by a composite scoring function:

Score = (FW +0.5-LL) x FR x LR,
where:
o FW (Filled Words): The total number of words successfully placed in the grid.

e LL (Crossing Letters): The count of letters that serve as intersections between
horizontal (Across) and vertical (Down) words. This metric is weighted to emphasize
interlocking.

o FR (Fill Ratio): The proportion of the grid cells occupied by letters, indicating
the density of the puzzle.

e LR (Intersection Density): A measure of how frequently words intersect, con-
tributing to the puzzle’s compactness and challenge.

The algorithm employs a randomized constructive search. Stopping conditions for grid
assembly include reaching a target fill ratio, capping the number of relocations or resets
during the search, or exhausting a predefined time budget. Additionally, educators may
specify "must-include" answers, allowing the system to prioritize placing key vocabulary
terms to align with specific learning objectives. This scoring-based approach ensures the
creation of aesthetically pleasing, solvable, and pedagogically effective crossword puzzles.

4.5 Experimental Validation

We conducted a comprehensive set of experiments to rigorously evaluate each component
of the framework and demonstrate its overall effectiveness.

4.5.1 Validation of Clue Generation Models

Path (a): Instruction-Tuned Models. The performance of the instruction-tuned
models for text-conditioned generation was assessed using both automatic metrics and
human evaluation. As shown in Table fine-tuning on the clue-instruct dataset res-
ults in a dramatic improvement in text adherence, as measured by ROUGE-L [125] scores



46 4. A Unified Framework for English Educational Crossword Generation

0.701 mm |lama2 13b
B llama2 13b + FT

0.601 e (lama2 7b + FT
0.501 E mpt 30b + FT

> B mosaic 7b + FT

ch, 0.40

50 301

Lo

o
[N)
o

D [empty]

Ratings
Figure 4.7: Human evaluation across LLMs; “+ FT” indicates fine-tuned on
clue-instruct. Fine-tuning reduces empty/malformed outputs and improves A-rates.

against a strong oracle. For instance, the LLaMA2-13B model’s ROUGE-L score jumped
from 25.27 to 55.40 after fine-tuning. The fine-tuned LLaMA2-13B model emerged as the
top performer overall.

Human evaluations corroborate these quantitative findings. As illustrated in Figure [4.7]
the fine-tuned models produce a significantly higher proportion of A-rated (highest qual-
ity) clues compared to their base versions, while drastically reducing the frequency of mal-
formed or empty outputs. The base LLaMA2-13B model, for instance, produced empty or
low-quality (D-rated) outputs for nearly 50% of cases, a failure rate that drops to around
15% after fine-tuning. Furthermore, our experiments revealed that the instruction-tuning
process is highly sample-efficient: as shown in Figure [4.8] using just 10% of the training
data is sufficient to achieve a substantial performance leap, aligning the models to the
task effectively.

Table 4.2: Off-the-shelf vs. fine-tuned LLMs on clue-instruct. Fine-tuning markedly
improves adherence and format reliability; LLaMA2-13B performs best overall.

Model type Model name #Params ROUGE-1 ROUGE-2 ROUGE-L

MPT-instruct 7B 23.98 11.79 19.69
Off-the-shelf  LLaMAZ2-chat 13B 31.80 15.32 25.27
MPT-instruct 30B 29.92 14.47 24.30
LLaMA2-chat 7B 59.92 40.98 52.28
Fine-tuned MPT-instruct B 59.26 40.37 51.68
LLaMAZ2-chat 13B 62.97 44.97 55.40
MPT-instruct 30B 61.42 42.63 53.77

Path (b): Answer-Only Models. The performance of the answer-only generators
was evaluated on their ability to produce acceptable clues for a set of 4,000 keywords, as
judged by human evaluators. As shown in Table the model performance correlates
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Figure 4.8: Impact of training data size (1%, 10%, 100%) on ROUGE-L for LLaMA2
models. A small amount of data yields a large performance gain.

with parameter count, with the largest model, GPT3-DaVinci, achieving the highest

acceptability rate of 71.63%.

Table 4.3: Acceptable clue rates for answer-only generators, as determined by human

evaluation.
Model % acceptable clues
GPT3-DaVinci 71.63
GPT3-Curie 60.18
GPT2-XL 38.65

4.5.2 Validation of the Filtering Component

The learned validator’s effectiveness in distinguishing between acceptable and unaccept-
able clue-answer pairs was tested on a held-out set of 20% of the 6,000 labeled examples.
As shown in Table the GPT3-DaVinci-based classifier achieved the highest overall
performance, with an accuracy of 76.8% and an Fl-score of 0.79, confirming its capab-
ility as a reliable filter to enhance the quality of the candidate clue pool.

Table 4.4: Performance of the learned validator in distinguishing acceptable vs. unac-

ceptable pairs.

Model Accuracy | Precision | Recall | F1
GPT3-DaVinci 76.8% 0.73 0.87 | 0.79
GPT3-Curie 75.5% 0.75 0.78 | 0.76
GPT3-Babbage 72.6% 0.71 0.79 | 0.75
GPT3-Ada 70.5% 0.70 0.73 | 0.72
BERT-base 59.7% 0.59 0.67 | 0.63
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4.5.3 End-to-End Pipeline Performance

When all components of the text-conditioned pipeline (Path a) are integrated, the frame-
work demonstrates strong end-to-end performance. In an evaluation conducted on 500
paragraphs from Wikipedia, the system achieved an overall success rate of 79.73% in
producing validated, human-judged acceptable clue-answer pairs. Figure 4.9 provides a
concrete visualization of this process, tracing the transformation from an input paragraph
on atomic structure to a final, validated set of clues and answers. These high-quality pairs
are then seamlessly assembled by the schema generator into a polished and pedagogically
valuable educational puzzle, as exemplified in Figure

c)Generated (d)Clue-answer pairs
a)Input paragraph b)Keywords ( . e
(a)Input paragrapl (b)Key clue-answer pairs after validation

. . . atom: basic particle consisting of a nucleus
An atom is a particle that consists ifo ?Jrgt:fnesl ;;‘tfo r;'esutrons surrounded by a T B e D G T
of a nucleus of protons and Atom . of a nucleus of protons and

Nucleus: Core of an atom, composed of
neutrons surrounded by a cloud of =

e s Nucleus protons and neutrons. neutrons surrounded by a
electrons. The atom is the basic Protons Clue Protons: Positively charged particlesinthe /. . cloud of electrons.
particle of the chemical elements, e‘ietlr’:":‘:'i':n Neut generation nucleus of an atom. _ alidation Chemical Elements:
and the chemical elements are leutrons _» Nfeulro:\s. Uncharged particles in the nucleus Distinguished from each o}her
o - Electrons ofanatom. » by the number of protons in
distinguished from each other by ik Electrons: Negatively charged particles that T
the number of protons that are in Chemical orbit the nucleus of an atom. Isotope: Variation of an
their atoms. For example, any Elements Chemical Elements: Distinguished from elomont based on the number
n . each other by the number of protons in their R

atom that contains 11 protons is Isotop L, of neutrons in its atom
sodium, and any atom that Sodium Isotope: Variation of an element based on Sol:lumf E}fmet"t with 11
contains 29 protons is copper. the number of neutrons in its atom protons in its atom.
T?\ o nun?nb e9r gf nzutr ons dp e';?nes Copper Sodium: Element with 11 protons in its Copper: Element with 29

o atom. protons in its atom.
the isotope of the element. Copper: Element with 29 protons in its atom.

Figure 4.9: An example of the end-to-end text-conditioned pipeline: from input paragraph
(a), to keyword extraction (b), to initial clue generation (c), and finally to the set of
validated clue-answer pairs (d).

4.6 Conclusions

This chapter introduced a unified and robust framework for the automated generation of
English educational crosswords. The system effectively integrates a modular, dual-path
pipeline with a state-of-the-art, instruction-tuned clue generator. The framework’s cent-
ral innovation lies in the creation and application of the clue-instruct dataset, a novel
resource that enables the specialization of Large Language Models to produce concise,
factual, and text-entailed clues with unprecedented reliability and quality. The system’s
capabilities are further enhanced by a flexible answer-only generation path and a rigorous
validation cascade trained on a vast historical corpus.

When combined with an efficient schema generator, these components provide a practical,
scalable, and powerful pathway from unstructured lesson texts to polished, classroom-
ready educational tools. The empirical results, validated through both automatic metrics
and extensive human evaluation, confirm the effectiveness of each component and the
success of the integrated system. By addressing the critical need for high-quality, auto-
mated pedagogical content, this work represents a significant step forward in leveraging
advanced Al to create engaging and effective learning experiences.
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Across 1 x Study of the interaction between electricity and magnetism 6 * Fundamental unit
of matter 7 basic particle consisting of a nucleus of protons and neutrons surrounded by a
cloud of electrons 8 Distinguished from each other by the number protons in their atoms 9
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Figure 4.10: An example of a final educational crossword produced by the schema gener-
ator, using validated pairs from both generation paths.






Chapter 5

A Unified Framework for Italian Educational
Crossword Generation

5.1 Motivation and Scope

Educational crossword puzzles serve as a highly effective pedagogical tool, fostering an in-
teractive learning environment that enhances vocabulary acquisition, spelling proficiency,
and the retention of technical terminology across diverse disciplines. In the context of
the Italian language, these puzzles are particularly valuable for reinforcing grammatical
structures and specialized lexicons in subjects ranging from history and geography to
the arts and sciences. By requiring students to engage in critical thinking to match
clues with appropriate answers, educational crosswords boost memory recall and improve
problem-solving abilities, transforming the learning process into an engaging and motiv-
ating experience.

Despite these benefits, the creation of high-quality educational crosswords in Italian
presents significant challenges. The process is traditionally labor-intensive, demand-
ing not only subject-matter expertise but also linguistic creativity to craft clues that
are concise, unambiguous, and grammatically precise. This manual authoring bottle-
neck has limited the widespread availability of customized, curriculum-aligned puzzles for
Italian educators. Furthermore, the advent of Large Language Models (LLMs) has been
hampered by a lack of specialized resources; existing digital corpora are typically designed
for entertainment-style crosswords and do not provide the essential link between a clue
and a source text, which is paramount for educational validity.

To address this critical gap, this chapter presents a novel and comprehensive framework
for the automated generation of Italian educational crosswords. This system is distin-
guished by its ability to produce contextually grounded and stylistically controlled clues,
leveraging a purpose-built dataset named Italian-Clue-Instruct. Our approach integ-
rates state-of-the-art LLMs, including GPT-40, Mistral-7B, and Llama3-8B, [126] into a
modular pipeline that encompasses data preparation, style-specific clue generation, rigor-
ous validation, and automated grid construction. By introducing fine-tuned, open-source
models specifically for this task, this work moves beyond the earlier reliance on few-shot
learning with general-purpose models, offering a more robust and professional solution
for creating engaging, interactive, and pedagogically sound learning tools for the Italian
language.
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5.2 Framework Overview

The framework is architected as a coherent, end-to-end system that offers two distinct
operational pathways, providing educators with the flexibility to generate puzzles from
different types of source material. This dual-path design, first conceptualized in our
preliminary work and illustrated in Figure [5.1] ensures the system can be adapted to a
variety of classroom needs.

« Path (a): Text-Conditioned Generation. This is the primary and most ad-
vanced mode, designed for creating deeply curriculum-aligned puzzles from a given
Ttalian text. In this path, the system first extracts salient keywords from the source
material and then employs specialized, instruction-tuned LLMs to generate clues
that are factually grounded in the provided context. A key innovation of this path
is its ability to generate clues in four distinct syntactic styles, allowing for unpre-
cedented control over the puzzle’s linguistic complexity.

o Path (b): Answer-Only Generation. This path caters to scenarios where an
instructor provides a list of keywords or vocabulary terms without an accompanying
source text. This is a common requirement for creating topic reviews or vocabulary
reinforcement exercises. Here, the framework utilizes LLMs fine-tuned on a large
legacy corpus of Italian clue-answer pairs to generate relevant, definition-style clues.

A cornerstone of the framework’s design is that both generation paths feed into a
common, multi-stage validation pipeline. This shared quality assurance process, which
combines automated checks with learned classifiers, ensures that all clue-answer pairs
meet high pedagogical and linguistic standards before they are used. The final, validated
pairs are then passed to a schema generator, which algorithmically assembles the puzzle
grid. This modular architecture, which abstracts functionality into distinct roles (e.g.,
generator, validator, layout engine), allows for straightforward updates and makes the
framework easily adaptable.

5.3 Foundational Data Resources for Italian

The framework’s capabilities are built upon two substantial and complementary Italian-
language datasets. The first is a large-scale collection of traditional clue-answer pairs,
while the second is a novel, text-aligned corpus created specifically for educational clue
generation.

5.3.1 Legacy Clue-Answer Collection

To power the answer-only generation path and to train the system’s learned validators,
a comprehensive dataset of Italian crossword clues was compiled. The data was sourced
from a variety of online and offline resources, including scraping Italian crossword websites
like ‘dizy.com‘ and ‘cruciverba.it‘, and processing PDF versions of renowned Italian puzzle
publications such as ‘La Settimana Enigmistica’ After a thorough cleaning process to
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System Architecture for Italian Educational Crossword Generation
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Figure 5.1: Overall system architecture for Italian crossword generation, illustrating the
two main paths for clue creation: (a) from a source text and (b) from a list of keywords.

merge sources and remove duplicates, the final dataset comprises 125,600 unique Italian
clue-answer pairs.

This corpus captures a wide range of domains, including history, geography, literature,
and pop culture, and exhibits diverse linguistic and structural patterns. As shown in
Figure [5.2] the distribution of clues is skewed towards shorter answers, which are more
common in [talian crosswords. This dataset is a critical resource, providing the necessary
supervision for training models to understand the stylistic conventions of Italian crossword
clues.

5.3.2 TItalian-Clue-Instruct: A Text-Aligned Educational Corpus

The central limitation of existing resources is their unsuitability for educational, text-
grounded tasks. To overcome this, we created Italian-Clue-Instruct, a novel dataset
that, for the first time in Italian, systematically links crossword clues to a source text.

Data Collection and Curation. The dataset was built using a meticulous data collec-
tion pipeline, as illustrated in Figure[5.7] The process began by extracting the introduct-
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Figure 5.2: Distribution of the 125,600 entries in the legacy Italian clue-answer database
by answer length. Shorter answers have a higher frequency of associated clues.

ory sections of 88,403 articles from the Italian Wikipedia. A multi-stage filtering process
was then applied to ensure data quality. We prioritized articles based on popularity and
relevance, discarded texts shorter than 50 words, and constrained keywords to be between
3 and 20 characters in length and contain no more than two words. This process yielded
a refined set of 11,413 high-quality articles, we selected randomly 5,000 articles for clue
generation.

Synthetic Clue Generation. From this curated set, we used a state-of-the-art LLM
(GPT-40) as a “teacher model” to generate a variety of clues for each article. Guided
by a series of four highly structured prompts - illustrated in Figures [5.4] [5.5] [5.6 and
— To control for prompt-induced sampling bias, we assigned one of the four prompt
templates to each article uniformly at random, yielding a perfectly balanced split across
prompt types (5,000/4 entries per template, i.e., 1,250 each), the model produced a
minimum of three distinct clues per article, resulting in a final dataset containing over
30,000 entries across 29 thematic categories. The four prompt families differ in their
constraints on the clue’s surface form and the generation procedure: (i) a bare noun phrase
with zero determiner, headed by a common or proper noun and optionally followed by a
relative clause or other complements; (ii) a definite determiner phrase that begins with the
definite article, followed by a noun (possibly with adjectives) and optional modifiers; (iii)

[19)

a copular schema with an elided subject of the form “¢ ...”; and (iv) a general-purpose,
task-agnostic prompt that operates via an 8-step pipeline while enforcing the absence of
the keyword in the clues. The dataset statistics, shown in Figures [5.8 and [5.9] reveal
a broad topical coverage, with a strong presence in “Entertainment,” “Geography,” and
“History.” This rich, text-aligned corpus is the foundational resource that enables the
instruction-tuning of smaller, open-source models for the high-fidelity, text-conditioned

generation path.
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You are a crossword expert.
Generate concise and clever clues in Italian for educational crossword puzzles based on a specified Keyword and its relation to an
assigned Text. To execute this task properly, replicate the guidelines below:

KEYWORD: {keyword}
TEXT: {text}

Observe the following steps:

1. Substitute every pronoun in the text with full phrases expressing their referents.

2. split the text into small independent sentences that could be understood out of context.

3. Pinpoint three concise sentences that contain the Keyword and best characterize the keyword. Try to select sentences from
different parts of the Text.

4. Generate short and clever crossword clues in Italian from the selected sentences. Make sure that the keyword remains absent
from the clues. If the Keyword is not the subject of the sentence, make sure that it is substituted with an appropriate clitic,
possessive or demonstrative pronoun. Generate clues from all the parts of the text and use all of the information provided to
generate the clues.

5. Ensure that each clue functions as a description or definition of the keyword rather than a query, focusing on details about
the keyword.

6. Make sure that each clue's information can be traced back to the text. Make sure that the clues are relevant and that they are
sufficient to identify the keyword. Make sure that the keyword does not appear in the clues. Make sure that any part of the
keyword is not present in the clues

7. Select only the three best clues for educational purposes.

8. Compile these clues into a list formatted as follows: [cluel, clue2, clue3] into a JSON file under the key: 'clues'. Make sure
the output is in the requested format and do not include the whole process in the output, but only the clues

Figure 5.3: Prompt template: General-purpose (task-agnostic). A pipeline that
expands coreference, segments sentences, selects key sentences containing the keyword,
rewrites them into short Italian clues that exclude the keyword, and outputs [cluel,
clue2, clue3] as JSON under key clues.

You are a crossword expert.

Generate concise and clever clues in Italian for educational crossword puzzles based on a specified Keyword and its relation to an
assigned Text. To execute this task properly, replicate the guidelines below:

KEYWORD: {keyword}

TEXT: {text}

Observe the following steps:

1. Substitute every pronoun in the text with full phrases expressing their referents.

2. split the text into small independent sentences that could be understood out of context.

3. Pinpoint three concise sentences that contain the Keyword and best characterize the keyword. Try to select sentences from
different parts of the Text.

4. Generate short and clever crossword clues in Italian from the selected sentences. Make sure that the keyword remains absent
from the clues. Each clue must have the syntax of a bare noun phrase (zero determiner): the root node of each clue must be a
common or proper noun and it can be followed by a relative clause or other complements or adjuncts. Generate clues from all the
parts of the text and use all of the information provided to generate the clues.

5. Ensure that each clue functions as a description or definition of the keyword rather than a query, focusing on details about
the keyword.

6. Make sure that each clue's information can be traced back to the text. Make sure that the clues are relevant and that they are
sufficient to identify the keyword. Make sure that the keyword does not appear in the clues. Make sure that any part of the
keyword is not present in the clues.

7. Select only the three best clues for educational purposes.

8. Compile these clues into a list formatted as follows: [cluel, clue2, clue3] into a JSON file under the key: 'clues'. Make sure
the output is in the requested format and do not include the whole process in the output, but only the clues.

Figure 5.4: Prompt template: Bare Noun Phrase. Require a determinerless NP
headed by a common or proper noun; post-nominal material (e.g., relative clauses, PPs)
is allowed.

Human Evaluation of Italian-Clue-Instruct Dataset Quality. To ensure the high
quality and pedagogical suitability of the synthetically generated Italian-Clue-Instruct
dataset, a rigorous human evaluation was performed on a significant subset of its content.
A random sample of 600 examples, corresponding to 1,800 individual clues, three clue
per example using the three introduced prompts, was manually annotated by human
evaluators. Each clue was assigned a rating based on a five-level scale, meticulously
defined to capture various aspects of clue quality and educational relevance. The rating
criteria were as follows:

¢ RATING-A: The clue is impeccable: valid, well-formed, and perfectly coherent
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You are a crossword expert.

Generate concise and clever clues in Italian for educational crossword puzzles based on a specified Keyword and its relation to an
assigned Text. To execute this task properly, replicate the guidelines below:

KEYWORD: {keyword}

TEXT: {text}

Observe the following steps:

1. Substitute every pronoun in the text with full phrases expressing their referents.

2. Split the text into small independent sentences that could be understood out of context

3. Pinpoint three concise sentences that contain the Keyword and best characterize the keyword. Try to select sentences from
different parts of the Text.

4. Generate short and clever crossword clues in Italian from the selected sentences. Make sure that the keyword remains absent
from the clues. Each clue must have the syntax of a determiner phrase with the definite article (followed by a noun and possibly
adjectives). It can be followed by a relative clause or other complements or adjuncts. Generate clues from all the parts of the
text and use all of the information provided to generate the clues.

5. Ensure that each clue functions as a description or definition of the keyword rather than a query, focusing on details about
the keyword.

6. Make sure that each clue's information can be traced back to the text. Make sure that the clues are relevant and that they are
sufficient to identify the keyword. Make sure that the keyword does not appear in the clues. Make sure that any part of the
keyword is not present in the clues.

7. Select only the three best clues for educational purposes.

8. Compile these clues into a list formatted as follows: [cluel, clue2, clue3] into a JSON file under the key: 'clues'. Make sure
the output is in the requested format and do not include the whole process in the output, but only the clues.

Figure 5.5: Prompt template: Definite Determiner Phrase. Require a DP begin-
ning with the definite article (e.g., il/la/lo/l’/i/le/gli), followed by a noun (optionally
with adjectives) and possible modifiers.

Generate concise and clever clues in Italian for educational crossword puzzles based on a specified Keyword and its relation to an
assigned Text. To execute this task properly, replicate the guidelines below:

KEYWORD: {keyword}

TEXT: {text}

Observe the following steps:
1. Substitute every pronoun in the text with full phrases expressing their referents.
2. split the text into small independent sentences that could be understood out of context

Pinpoint three concise sentences that contain the Keyword and best characterize the keyword. Try to select sentences from
different parts of the Text.
4. Generate short and clever crossword clues in Italian from the selected sentences. Make sure that the keyword remains absent
from the clues. Each clue must be a copular sentence, in which the keyword constitutes the subject. The syntax of each clue then
must corresponds to a copular sentence without the subject. For example: "& <clue>". Generate clues from all the parts of the text
and use all of the information provided to generate the clues.
5. Ensure that each clue functions as a description or definition of the keyword rather than a query, focusing on details about
the keyword.
6. Make sure that each clue's information can be traced back to the text. Make sure that the clues are relevant and that they are
sufficient to identify the keyword. Make sure that the keyword does not appear in the clues. Make sure that any part of the
keyword is not present in the clues.
7. Select only the three best clues for educational purposes
8. Compile these clues into a list formatted as follows: [cluel, clue2, clue3] into a JSON file under the key: 'clues'. Make sure
the output is in the requested format and do not include the whole process in the output, but only the clues.

Figure 5.6: Prompt template: Copular schema. Require a copular frame with an

elided subject of the form “e ...”

, allowing predicative nominals/adjectives or preposi-
tional phrases; no overt subject.

with the provided context, the target answer, and the specified category. These
clues represent the gold standard for educational puzzles.

¢ RATING-B: The clue is acceptable but contains minor imperfections, such as a
slightly loose correlation with the specified category or a minor stylistic issue that
does not impede understanding.

¢ RATING-C: The clue is relevant to the answer but is overly generic or correlates
only loosely with the source context. While understandable, it may not effectively
reinforce specific textual knowledge.

¢ RATING-D: The clue is largely incorrect or irrelevant with respect to either the
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Figure 5.7: The methodology for creating the Italian-Clue-Instruct dataset: (a) data
collection from Italian Wikipedia, (b) rigorous data refining and filtering, (c) engineering
of specialized prompts for different clue styles, (d) clue generation using a powerful teacher
model (GPT-40), and (e) using the resulting dataset to fine-tune smaller, open-source
student models.
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Figure 5.8: Token distributions for contexts and clues in the Italian-Clue-Instruct dataset,
processed using the Llamagd tokenizer.

answer or the provided source context, making it unsuitable for educational use.

¢ RATING-E: The clue is unacceptable because it contains the target answer itself
or a direct variant of it, rendering the puzzle trivial or unsolveable in a meaningful
way.

The results of this comprehensive evaluation, depicted in Figure robustly confirm
the high quality of the Italian-Clue-Instruct dataset. When considering both RATING-A
and RATING-B clues as pedagogically acceptable, the overall acceptance rate rises to an
impressive 54%. This high level of quality is crucial, as it provides a strong foundation
for the subsequent instruction-tuning of smaller, open-source models. Table provides
concrete examples of clues from the dataset, showcasing their variety and illustrating the
application of the rating system.
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Figure 5.9: Distribution of the Italian-Clue-Instruct dataset across 29 categories, with
"Entertainment," "Geography," and "History" being the most represented .
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Figure 5.10: Distribution of human-assigned ratings on a sample of 1,800 clues from the
Italian-Clue-Instruct dataset, demonstrating the high overall quality and suitability for

educational purposes.

5.4 Methodology: From Italian Text to Puzzle

We employ the unified ’From Language to Learning’ pipeline established in Chapter 4
(see Section 4.4). While the core architecture for validation and grid assembly remains
consistent with the English framework, the Italian implementation introduces a critical
adaptation within the text-conditioned generation path: Syntactic Style Control.

The framework’s methodology is composed of three primary stages: Clue Generation,
which can follow one of two paths; a shared Validation and Filtering stage; and the final

Schema Generation stage.
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Table 5.1: Examples of generated clues from the Italian-Clue-Instruct dataset with their

assigned human ratings, illustrating the quality criteria applied during evaluation.

Answer Category Clue Rating

Robocall Society Puo essere bloccata dalle A
compagnie telefoniche per
prevenire truffe.

Ministero della Ma- Literature Governo corrotto e incompet- A
gia ente nel Mondo Magico di

J.K. Rowling.
Lovesick Literature Rinnovata per una terza sta- C

gione, rilasciata esclusiva-
mente su Netflix.

Tapirro Sudamer- Science Una delle quattro specie E
icano riconosciute nella famiglia dei
tapiri.

5.4.1 Clue Generation

Path (a): Text-Conditioned Generation with Style Control

The text-conditioned path is the most innovative component of the framework, offering

fine-grained control over the linguistic style of the generated clues. This is particularly

valuable in an educational context, as it allows teachers to create puzzles with varying

levels of syntactic complexity, tailored to the proficiency of their students.

Syntactic Style Control. The system is capable of generating clues in four distinct
styles, each guided by a specialized prompt. These styles are based on specific linguistic

structures in Italian:

1.

Unrestricted Format: A default style with no explicit syntactic constraints,
serving as a baseline.

Definite Determiner Phrases: These clues are nominal phrases headed by a
definite article (e.g., La repubblica asiatica con capitale Tashkent, "The Asian re-
public with Tashkent as capital’). This structure presupposes a unique or maximal
referent, making the clues highly specific.

Bare Noun Phrases: These clues consist of a noun phrase without a determiner
(e.g., Grande centro commerciale di lusso con sede a Londra, "Luxury shopping mall
based in London’). In Italian, this structure denotes a predicate and does not carry
a uniqueness presupposition, potentially allowing for more ambiguity and challenge

Copular Sentences: These clues are structured as a clausal definition with an
elliptical subject (e.g., & una salsa piccante tipica della Tunisia, ’(It) is a spicy sauce
typical of Tunisia’). The answer to the clue is the elided subject of the sentence .
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Fine-Tuning for Style Adherence. To reliably generate clues in these specific styles,

we fine-tuned two open-source LLMs, Mistral-7B-Instruct-v0.3 and Llama3-8b-Instruct,
on the Italian-Clue-Instruct dataset . The fine-tuning was performed efficiently using
LoRA [121] (r = 16, a = 32) over three epochs. This process specialized the models not
only to generate contextually relevant clues but also to adhere to the specified syntactic
structures with high fidelity.

Path (b): Answer-Only Generation

For the answer-only path, the framework relies on a different set of fine-tuned models.
We fine-tuned GPT3-DaVinci

and GPT3-Curie on a 50,000-pair subset of the legacy Italian clue-answer corpus. The
training process involved providing the model with an answer and tasking it to generate
the corresponding clue. This method trains the models to capture the diverse patterns
and styles of human-authored clues, enabling them to generate high-quality definitions
from a single keyword.

5.4.2 Shared Component: The Validation Cascade

To ensure the quality and pedagogical suitability of the generated content, outputs from
both paths undergo a rigorous validation process.

e For Path (a): In our initial work, validation was performed using a zero-shot
prompting approach, where an LLM was asked to verify if the content of a generated
clue was present in the source text. The fine-tuned models developed in our later
work, however, showed a much higher degree of faithfulness, reducing the need for
this explicit check.

o For Path (b): Since there is no source text, a learned classifier is essential. We
trained a suite of models—including GPT3-DaVinci, GPT3-Curie, GPT3-Babbage,
GPT3-Ada, [122] and BERT-uncased-base—as binary classifiers on a human-labeled
dataset of 6,000 clue-answer pairs. This allows the system to effectively filter out
unacceptable clues generated by the answer-only models.

5.4.3 Shared Component: Schema Generation

The final stage of the framework, schema generation, is handled by an algorithm con-
sistent with the one described for the English framework in the previous chapter in the
sectiond.4.3] It employs a randomized constructive search to assemble the validated clue-
answer pairs into a compact and highly interlocked grid. The process is guided by a
composite scoring function that optimizes for the number of filled words, the density
of letter crossings, and the overall filled ratio of the grid. This ensures the creation of
aesthetically pleasing and solvable puzzles that are well-suited for educational use. An
example of a final generated crossword is shown in Figure [5.11]
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Orizzontali 1 x Traduzione Simultanea 2 * Una valutazione critica 4 x Lo & uno spassoso
racconto 7 Insieme delle arti, tecniche e attivita industriali produttive di un film 8 Lingua
originale da cui deriva la parola cinema 9 Uno dei termini estratti dall’antica lingua greca,
utilizzato per descrivere il cinema Verticali 1 x Un film... come documento 3 Prodotto
commerciale finale di un insieme di lavoro compredente arti, tecniche e attivita industriali 5

* Un premio assai ambito 6 x Entrano nelle casse del botteghino

Figure 5.11: An illustrative Italian educational crossword, generated by the system using
clue-answer pairs from both the text-conditioned and answer-only paths.

5.5 Experimental Validation

We conducted a series of experiments to evaluate the performance of each component of
the Italian crossword generation framework.

5.5.1 Validation of Clue Generation Models

Path (a): Instruction-Tuned Models. The effectiveness of fine-tuning for text-
conditioned clue generation was measured using both automatic metrics and human eval-
uation.

o Automatic Metrics: We used ROUGE scores to measure the lexical similar-
ity between clues generated by our fine-tuned models and those generated by the
powerful GPT-4o [27] teacher model. As shown in Table the fine-tuned Mistral-
7B [127] and Llama3-8B [126] models produce outputs that are significantly more
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similar to the high-quality reference clues than their base versions, demonstrating
the success of the fine-tuning process.

¢« Human Evaluation: A human evaluation was conducted on a sample of 100 Italian
contexts. The results, depicted in Figure [5.12] show a dramatic improvement in
quality after fine-tuning. For example, the base Llama3-8B model produced a large
number of low-quality clues (rated ’E’), while the fine-tuned version produced a
majority of high-quality ’A’-rated clues. The fine-tuned Mistral-7B model emerged
as the top performer, with the highest number of ’A’-rated clues.

Table 5.2: Mean ROUGE scores comparing the clues from base and fine-tuned models
against a strong reference (GPT-40). Fine-tuning significantly increases the similarity.

Model Type Model Name R-1 R-2 R-L

Mistral-7B 0.342  0.176  0.261
Base LLMs 11 1a3-8b 0.258 0.112 0.198
Pinetuned Mistral-7B 0.611 0.458 0.556
te-tune Llama3-8b 0.552  0.403  0.501

Counts of Ratings by Model

model
mm mistral_base
B llama3_base
B mistral_finetuned
mmm |lama3_finetuned

80
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Figure 5.12: Human evaluation results for the base vs. fine-tuned models on Italian clue
generation. Fine-tuning leads to a significant increase in high-quality ’A’-rated clues and
a reduction in low-quality ones.

Path (b): Answer-Only Models. The answer-only generators were evaluated through
human supervision. As shown in Table the larger GPT3-DaVinci model significantly
outperformed the smaller GPT3-Curie model, achieving a 60.1% acceptability rate.

5.5.2 Validation of the Filtering Component

The learned classifiers for the answer-only path were tested on a held-out set of 20% of the
6,000 labeled examples. The results, detailed in Table show that the GPT3-DaVinci
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Table 5.3: Acceptable clue rates for answer-only Italian generators, determined by human

evaluation.
Model % acceptable clues
GPT3-DaVinci 60.1
GPT3-Curie 34.9

model was the most effective classifier, achieving an accuracy of 79.88% and an F1-score
of 0.7838.

Table 5.4: Performance of the learned validators for Italian on distinguishing acceptable
vs. unacceptable clue-answer pairs.

Model Accuracy % | Precision % | Recall % F1

GPT3-DaVinci 79.88 80.16 76.67 0.7838
GPT3-Curie 77.82 78.80 72.99 0.7578
GPT3-Babbage 74.12 72.58 73.25 0.7291
GPT3-Ada 69.17 67.77 67.06 0.6741
BERT-uncased 65.62 63.71 64.47 0.6409

5.6 Conclusions

This chapter presented a comprehensive, unified framework for the automated genera-
tion of Italian educational crossword puzzles. A key contribution of this work is the
creation and release of the Italian-Clue-Instruct dataset, the first large-scale, text-
aligned corpus for this task in Italian. This resource enabled a significant methodological
advancement: the move from less reliable few-shot prompting to a robust instruction-
tuning paradigm.

Our experiments demonstrate that by fine-tuning open-source models like Mistral-7B and
Llama3-8B on this dataset, we can generate high-quality, contextually grounded clues
with fine-grained control over their syntactic style. The framework’s flexibility is further
enhanced by an alternative path for answer-only generation and a rigorous validation cas-
cade that ensures the pedagogical quality of the outputs. The resulting system represents
a powerful and practical tool for Italian educators, enabling them to create customized,
engaging, and effective learning materials with ease. This work not only addresses a
critical resource gap for the Italian language but also provides a replicable blueprint for
developing similar educational tools in other languages.






Chapter 6

An LLM-Driven Framework for Turkish
Educational Crossword Generation

6.1 Motivation and Scope

Educational crossword puzzles are highly effective pedagogical tools, crucial for reinfor-
cing terminology, concepts, and named entities through active recall. They foster an inter-
active learning environment that significantly enhances vocabulary acquisition, spelling
proficiency, and the retention of specialized knowledge across various disciplines. In the
context of the Turkish language, these puzzles are particularly valuable for strengthen-
ing grammatical structures and specialized lexicons in subjects ranging from history and
geography to science and literature. By engaging students in critical thinking to match
clues with appropriate answers, educational crosswords boost memory recall and improve
problem-solving abilities, transforming the learning process into an engaging and motiv-
ating experience.

Despite these recognized benefits, the automated creation of high-quality educational
crosswords in Turkish presents a unique set of challenges. Turkish, an agglutinative lan-
guage, poses distinct hurdles: its complex morphology (where suffixes are added to root
words to convey grammatical function) significantly increases the risk of "leakage'—where
the answer or its stem inadvertently appears within the clue itself, making the puzzle
trivial or unsolveable. Furthermore, the inherent ambiguity that can arise from highly
inflected words makes crafting concise, unambiguous, and grammatically precise clues a
labor-intensive task. Traditionally, the creation of such puzzles in Turkish has been a
manual process, demanding not only deep subject-matter expertise but also considerable
linguistic creativity, which limits the widespread availability of customized, curriculum-
aligned puzzles for Turkish educators.

This manual authoring bottleneck is further exacerbated by a significant lack of special-
ized digital resources for the Turkish language in the context of Large Language Models
(LLMs). Existing digital corpora are typically designed for entertainment-style crosswords
and do not provide the essential link between a clue and a source text, which is paramount
for educational validity and contextually grounded learning. The morpho-syntactic com-
plexity of Turkish, combined with its relatively limited educational data resources, makes
off-the-shelf LLM prompting unreliable for generating pedagogically sound content.

To address these critical gaps—data scarcity, linguistic complexity, and automated as-
sembly—this chapter presents an comprehensive framework for the automated genera-
tion of Turkish educational crosswords. This system is distinguished by its ability to pro-
duce contextually grounded and stylistically controlled clues, leveraging two purpose-built
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Turkish datasets: a large corpus of expert-authored answer—clue pairs (TAC) and a novel
text-aligned corpus (T4TAC). Our approach integrates state-of-the-art LLMs, including
fine-tuned GPT-3.5-Turbo and LLaMA-2 models, into a modular pipeline that encom-
passes data preparation, style-specific clue generation, rigorous validation, and automated
grid construction. By introducing fine-tuned, open-source models specifically for this task,
this work moves beyond earlier reliance on few-shot learning with general-purpose mod-
els, offering a robust and professional solution for creating engaging, interactive, and
pedagogically sound learning tools for the Turkish language.

6.2 Framework Overview

The presented framework is architected as a coherent, end-to-end system that offers two
distinct operational pathways for Turkish clue creation, providing educators with the
flexibility to generate puzzles from various types of source material. This dual-path design
ensures the system can be adapted to a wide range of classroom needs, from topic reviews
to in-depth comprehension exercises. Both pathways feed into a shared validation and
puzzle assembly stage, ensuring consistent quality and efficient grid construction. The
overall system architecture is conceptually illustrated in Figure [6.1]

o Path (a): Text-Conditioned Generation. (T4TAC) This is the primary and
most advanced mode, specifically designed for creating deeply curriculum-aligned
puzzles directly from a given Turkish educational text. In this pathway, the system
first extracts salient keywords from the source material. It then employs specialized,
instruction-tuned Large Language Models to generate multiple concise and factual
clues that are semantically grounded in the provided context, implicitly leading to
the extracted keyword without explicitly stating it. A key innovation of this path is
its ability to ensure contextual relevance, which is crucial for educational validity.

o Path (b): Answer-Only Generation. (TAC) This pathway caters to scenarios
where an instructor provides a predefined list of keywords or vocabulary terms,
without an accompanying source text. This is a common requirement for creating
vocabulary reinforcement exercises, spelling drills, or quick topic reviews. Here, the
framework utilizes LLMs fine-tuned on a large legacy corpus of Turkish clue-answer
pairs (TAC) to generate relevant, definition-style clues for each keyword.

A cornerstone of the framework’s design is that both clue generation paths converge
into a common, multi-stage validation pipeline. This shared quality assurance process
applies structural checks and leakage control to ensure that all clue-answer pairs meet
high pedagogical and linguistic standards, particularly in guarding against the pitfalls
of Turkish agglutinative morphology. The final, validated pairs are then passed to a
schema (grid) generator, which algorithmically assembles the puzzle grid. This modular
architecture, abstracting functionality into distinct roles (e.g., generator, validator, layout
engine), allows for straightforward updates and makes the framework easily adaptable and
extensible.
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Figure 6.1: The overall system architecture for Turkish educational crossword generation,
illustrating the two main paths for clue creation and the shared validation and schema
generation stages.

6.3 Foundational Data Resources for Turkish

The capabilities of the Turkish crossword generation framework are built upon two sub-
stantial and complementary Turkish-language datasets. The first is a large-scale collection
of traditional clue-answer pairs, while the second is a novel, text-aligned corpus created
specifically for educational clue generation. These resources are critical for overcoming
the data scarcity challenge in Turkish.

6.3.1 TAC: A Corpus of Expert-Authored Turkish Clue-Answer
Pairs

To power the answer-only clue generation path (Path b) and to provide a foundational
understanding of Turkish crossword clue styles for training models, a comprehensive data-
set of expert-authored Turkish crossword clues was compiled. This dataset, named TAC
(Turkish Answer—Clue pairs), aggregates 252,576 answer—clue pairs sourced from exper-
ienced constructors, including various online platforms and renowned newspaper sources
such as Habertiirk.

After a thorough cleaning process to merge sources and remove duplicates, the final
TAC dataset comprises 54,984 unique answers, 178,431 unique clues, and 187,495 unique
answer-clue entries. This extensive corpus captures a wide range of domains, includ-
ing general knowledge, history, geography, literature, and popular culture, and exhibits
diverse linguistic and structural patterns characteristic of human-authored Turkish cross-
word clues. The answer-length distribution within TAC, which is crucial for insights into
typical grid sizing and expected crossing density in Turkish puzzles, is showcased in Fig-
ure[6.2] This dataset is a critical resource, providing the necessary supervision for training
models to understand and replicate the stylistic conventions of Turkish crossword clues.

6.3.2 T4TAC: A Text-Aligned Corpus for Instruction Tuning

The central limitation of existing Turkish crossword resources, including TAC, is their
unsuitability for educational, text-grounded clue generation tasks. To overcome this, we
created T4TAC (Text for Turkish Answer—Clue pairs), a novel dataset that, for the first
time in Turkish, systematically links crossword clues to a source text. This resource is
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specifically designed to enable instruction-tuning of LLMs for generating contextually rel-
evant and pedagogically sound clues.

Data Collection and Curation. The T4TAC dataset was built using a meticulous
data collection pipeline, as illustrated in Figure The process began by extracting in-
troductory sections from approximately 180,000 Turkish Wikipedia pages. A multi-stage
filtering process was then rigorously applied to ensure high data quality and educational
relevance. We prioritized articles based on popularity and relevance, discarded texts
shorter than 50 words, and constrained keywords to be between 3 and 20 characters in
length, containing no numerics or special characters. This stringent filtering pipeline
yielded a refined set of 9,855 high-quality pages across 29 distinct thematic categories.

Sy . . > H Data Data > Craft the Clues
Wikipedia H : Acquisition 13 Filtering : prompt Generation
(a) (b) () (d)

Figure 6.3: Diagram outlining the detailed steps followed in the construction of the
T4TAC dataset, from initial data collection to refined output.

Synthetic Clue Generation. From this curated set of text-aligned data, we employed
a powerful, state-of-the-art Large Language Model, GPT-4-Turbo, as a "teacher model" to
generate a variety of educational clues for each article. This process was guided by highly
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structured and 'leakage-aware" prompt, designed using a self-instruct-style procedure.
This prompt ensured that the generated clues were concise, factual, and educational,
implying the keyword without directly revealing it—a crucial aspect for agglutinative
languages like Turkish where leakage is a common pitfall. The exact prompt structure
utilized for this task is provided in Figure The teacher model produced multiple
distinct clues for each (context, keyword, category) triplet, resulting in a final TATAC
dataset containing over 35,000 educational clues.

Prompt: As an assistant skilled in creating Turkish crossword clues, your task is to ncise, clever, and clues
for crossword puzzles. This task is desi for puzzle looking to engage their audience with intriguing clues.
Here are the details:

KEYWORD: ({keyword]}
CATEGORY: {category}
CONTEXT: {text}

Your task involves the following steps:

1. Analyze the context to identify the most relevant and informative connections between ’{keyword}’ and ’{category}’.
Extract key facts from the context, considering the length and complexity.

2. Craft short, clever clues in Turkish that entice solvers to uncover ’{keyword)’. Use wordplay, metaphors, puns, and other
creative techniques to make the clues engaging and thought-provoking.

3. ’{keyword}’ should be the answer to the clue. Avoid using the 'keyword’ or its derivatives directly in the clues. Instead, use
iptive phrases, , or ive wordplay that hints at ’{keyword}’ without revealing it outright.

4. Generate {count} clues. Aim for i , , and in all clues. Remember, the best clues are not only
accurate but also fun and challenging for the solver.

5. Provide clues and answers in the following JSON structure:
{ ’clues’: [{’clue’: ”, ’‘answer’: "}] }

Figure 6.4: The structured prompt utilized with the GPT-4-Turbo teacher model for
generating educational Turkish clues within the T4TAC dataset. This prompt is designed
to ensure contextual relevance, conciseness, and avoid clue leakage.

Dataset Statistics and Human Evaluation. The statistical properties of the T4TAC
dataset are summarized in Figure This figure provides insights into: (i) the word
and character length distributions for contexts, generated clues, and keywords, (ii) the
thematic distribution of the dataset across its 29 categories, and (iii) the results of a human
evaluation conducted to ascertain the quality of the synthetically generated clues. The
human evaluation for TATAC indicated a high percentage of acceptable clues, validating
the effectiveness of the teacher model and the prompt engineering strategy. This rich,
text-aligned corpus is the foundational resource that enables the instruction-tuning of
smaller, open-source models for the high-fidelity text-conditioned generation path.

Human Evaluation (T4TAC). From panel (iii) of Figure[6.5] the dataset-level ratings
for the teacher-generated clues are: A = 68.0%, B = 18.7%, C = 9.3%, D = 3.0%, and
E = 1.1%. These values (read from the figure) imply an overall acceptance rate of
A+B+C =~ 96.0%, indicating that the vast majority of clues are acceptable or better.

6.4 Methodology: From Turkish Text to Puzzle

This framework instantiates the methodological pipeline defined in Chapter 4, adapting
the core generator and validator components to address the specific challenges of Turkish
morphology. The framework’s methodology is composed of three primary, interconnected
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Figure 6.5: (i) Word and character length distributions for contexts, outputs, and
keywords in the TATAC dataset. (ii) Category distributions of TATAC across its 29
themes. (iii) Human evaluation results for the quality of generated clues within the
T4TAC dataset.

stages: Clue Generation, which offers two distinct pathways; a shared Validation and
Filtering stage; and the final Schema (Grid) Generation stage.

6.4.1 Clue Generation

The core of the framework lies in its specialized LLM-based clue generators, each tailored
for a specific authoring mode.

Path (a): Text-Conditioned Generation with Context

The text-conditioned path is designed to produce highly relevant and contextually groun-
ded clues directly from educational texts. This is particularly valuable as it allows for the
creation of puzzles that align directly with specific learning materials. To achieve this,
we fine-tuned several LLMs on the T4TAC dataset.

We used a training split of 8,000 unique (context, keyword, category) items and a test set
of 670 items from T4TAC. For the proprietary model, we fine-tuned GPT-3.5-Turbo
with a batch size of 16 and a learning rate of 0.001 over 3 epochs. For open-source
alternatives, we fine-tuned LLaMA-2 7B and LLaMA-2 13B models using Parameter-
Efficient Fine-Tuning (PEFT) with the LoRA [I2I] technique. The LoRA configuration
included a rank (r) of 16, an alpha () of 32, and a learning rate of 10~ over 3 epochs.
This fine-tuning process specialized the models not only to generate contextually relevant
Turkish clues but also to adhere to the desired educational tone and conciseness, while
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mitigating issues like leakage.

Path (b): Answer-Only Generation from Keyword Lists

For scenarios where educators provide a list of keywords without an explicit source text,
the framework leverages the answer-only generation path. This mode is ideal for creating
vocabulary review puzzles or general knowledge crosswords.

For this path, we fine-tuned GPT-3.5-Turbo on a subset of 60,000 expert-authored
pairs from the TAC dataset. The training process involved providing the model with an
answer (keyword) and tasking it to generate a corresponding clue. The fine-tuning was
performed with a batch size of 16, a learning rate of 0.01, over 3 epochs. This method
trains the model to capture the diverse patterns and styles of human-authored Turkish
crossword clues, enabling it to generate high-quality, definition-style clues from a single
keyword, independent of a specific context.

6.4.2 Shared Component: The Validation Cascade

The final stage—schema generation—uses the same algorithm as the English framework
(Section . A randomized constructive search arrango ensure the quality and ped-
agogical suitability of the generated content, outputs from both clue generation paths
undergo a rigorous validation process. Given the morphological complexity of Turkish,
this stage is crucial for ensuring robustness and preventing clue leakage.

The validator applies several checks:

e Structural Checks: Ensures that clues adhere to format requirements (e.g., length
constraints, character sets) and basic grammatical correctness.

¢ Leakage Detection: This is a critical component for Turkish. It performs surface-
level and stem-aware checks to prevent the answer word or its morphological variants
from appearing within the clue. This helps maintain the challenge and integrity of
the puzzle. Near-synonym leakage is also guarded against.

¢ Informativeness: For answer-only clues, the validator also screens for minimal
informativeness, ensuring the generated clue provides sufficient information without
being overly generic.

e LLM-as-Judge: The framework’s design allows for the integration of an LLM-
as-judge or a learned acceptability classifier to further vet clue quality. For the
Turkish framework, the high quality of the TATAC dataset and the rigorous fine-
tuning significantly reduce the need for an explicit post-generation validation LLM
for Path (a).

Accepted and validated clue-answer pairs are then passed to the schema generation stage.

6.4.3 Shared Component: schema generation

The final stage—schema generation—uses the same algorithm as the English framework
(Section [4.4.3). A randomized constructive search arranges validated clue-answer pairs
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into a compact, highly interlocked grid, guided by a composite score that maximizes filled
entries, crossing density, and overall fill ratio. This yields aesthetically pleasing, solvable
puzzles suited for education.

6.5 Experimental Validation

We conducted a series of experiments to rigorously evaluate the performance of each
component of the Turkish crossword generation framework, focusing on both automatic
metrics and human evaluations.

6.5.1 Validation of Clue Generation Models

Path (a): Text-Conditioned Generation Models. The effectiveness of fine-tuning
for text-conditioned clue generation was measured using both automatic metrics and
human evaluation, comparing base LLMs against their fine-tuned counterparts on the
TATAC test split.

o Automatic Metrics (ROUGE Scores): We used ROUGE-1, ROUGE-2, and
ROUGE-L F1 scores to measure the lexical similarity between clues generated by
our fine-tuned models and strong reference clues (generated by a powerful teacher
model). As summarized in Table fine-tuned GPT-3.5-Turbo [122] substantially
outperforms its base version, demonstrating significant gains across all ROUGE
metrics. Similarly, the LLaMA-2 13B [I23] model fine-tuned with PEFT [120]
shows improved performance over its 7B counterpart, and both fine-tuned LLaMA
models exceed their respective base versions. These results confirm the success of the
fine-tuning process in aligning the models’ output with high-quality, reference-style
Turkish clues.

model type model name # params ROUGE-1 ROUGE-2 ROUGE-L

LLAMA2-CHAT 7B - - -

Base LLMs LLAMA2-CHAT 13B - - —
GPT3.5 TURBO - 24.57 8.48 16.61
LLAMA2-CHAT 7B 22.50 5.00 14.80
Finetuned LLMs LLAMA2-CHAT 13B 25.66 6.45 17.24
GPT3.5 TURBO - 39.96 18.08 23.48

Table 6.1: Performance of LLMs with and without fine-tuning on text-conditioned Turkish
clue generation (T4TAC test set), measured by ROUGE-1, ROUGE-2, and ROUGE-L
F1 scores. Fine-tuning consistently improves similarity to strong references.

o Human Evaluation (Acceptability Ratings): A human evaluation was con-
ducted on a sample of 200 text-conditioned items, yielding 600 individual clues (3
clues per item). The clues were rated by native Turkish speakers based on quality,
contextual relevance, and absence of leakage. The results, depicted in Figure
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demonstrate a dramatic improvement in clue quality after fine-tuning for all mod-
els. Fine-tuned models consistently produced a higher percentage of acceptable
clues and significantly fewer malformed or unusable outputs compared to their base
versions. Specifically, fine-tuned GPT-3.5-Turbo showed the highest overall accept-
ability, while the fine-tuned LLaMA-2 models, despite lower ROUGE scores, also
demonstrated marked improvements over their base counterparts, becoming viable
alternatives for Turkish clue generation.
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Figure 6.6: Human evaluation results comparing base vs. fine-tuned LLMs on text-
conditioned Turkish clue generation. Fine-tuning leads to a significant increase in high-
quality (acceptable) clues and a reduction in low-quality or malformed outputs.

Path (b): Answer-Only Generation Model. The answer-only generator (fine-tuned
GPT-3.5-Turbo on TAC) was evaluated through human supervision on an out-of-domain
keyword set of 2,135 academic keywords. Two native-speaker judges assessed the accept-
ability of the generated clues. This pathway yielded the 51.8% acceptability rate for
the generated clues. This finding highlights the viability and practical utility of this path,
especially for educators who primarily work with canonical term lists or vocabulary sets
without specific textual contexts.

6.5.2 Grid Quality and End-to-End Artifact

The schema (grid) generator’s effectiveness was confirmed by its ability to produce dense,
compact, and highly interlocked crossword puzzles.

To demonstrate the full end-to-end capabilities of the framework, a complete Turkish
crossword puzzle generated by the system is presented in Figure This artifact show-
cases the successful integration of clue generation (from either path), validation, and grid
assembly into a unified, functional system capable of producing classroom-ready educa-
tional materials.
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O H E M Y A ACROSS:
Avrupa'nin gek deveti, Kutsal Roma Cermen imparatorlugu'nun elektorligiine sahip
oldu. (7)
2. Brandenburg'un baskenti, Prusya'nin eski rezidansi, golleri ve saraylariyla anii. (7)
Gin'in en eskive en biiyik tarihi biri, 13 milyon nifusunun %99,1'ini Han
Ginlileri olusturmakla beraber azinlik olarak yaklasik 50.000 Hui Misliman vardr. (4)
Kalesi; 15. yiizyilin sonunda Sirp topraklarina katilan, UNESCO listesindexi tarihi kale. (9)
10. Daglann bilimsel dogus hikayesi, kitalarin kaderini sekillendirir. (8)
R|E 11. Yelkenli ya da motorlu, sularin stiinde yol alan tastt. (4)
13 Aritmetigin dort temel isleminden, gikarma ile yakin akraba. (5)
15. Ova Kizilderilileri kiiltiir grubuna ait, Dakota dillerini konusan halk. (9)
E M i 16. Seramik sanatinin vazgegilmezi, dogadan camur gibi gikar. (3)
17. Eski ingilizce'de "Satiim'iin Gini” olan guiniin adi, Eski Tiirkcede "yeting” ofan giint. (9)
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1. Saba Kralhgi'nin efsanevi hikimdar, Habesistan'n gizemli kraligesi. (6)

3. Zekani ve becerini sinayan, eglence ve rekabetin harmanlandigi etkiniik. (4)

4. Hayatin temel tasi, yiizde 02'si yerkabugunda. (6)
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Kavsak; Kibris'ta gember, trafik akisini dondilrir. (5)
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Figure 6.7: An illustrative Turkish educational crossword, generated by the unified frame-
work. This artifact demonstrates the successful end-to-end integration of clue generation,
validation, and grid assembly.

6.6 Conclusions

This chapter presented a comprehensive, unified framework for the automated generation
of Turkish educational crossword puzzles. This work addresses a critical gap in resources
and tooling for the Turkish language, a morphologically complex and under-resourced
language in the context of LLM-driven educational content creation.

A key contribution of this work is the creation and release of two foundational Turkish-
language datasets: TAC, a large corpus of expert-authored clue-answer pairs, and T4TAC,
a novel, text-aligned corpus specifically designed for instruction-tuning LLMs for text-
conditioned clue generation. This rich data ecosystem enabled a significant methodolo-
gical advancement: the move from less reliable few-shot prompting to a robust instruction-
tuning paradigm, specifically tailored for the linguistic nuances of Turkish.

Our extensive experiments robustly demonstrate that by fine-tuning open-source mod-
els like LLaMA-2 (7B and 13B) and proprietary models like GPT-3.5-Turbo on these
purpose-built datasets, we can generate high-quality, contextually grounded Turkish clues
with significant improvements in both automatic ROUGE scores and human acceptability.
The framework’s flexibility is further enhanced by its dual-path architecture, supporting
both text-conditioned generation for curriculum-aligned content and answer-only genera-
tion for vocabulary-focused exercises. A rigorous validation cascade, crucial for guarding
against clue leakage in an agglutinative language, and an optimized schema generator
ensure the pedagogical quality and structural integrity of the final puzzles.

The resulting system represents a powerful and practical tool for Turkish educators, en-
abling them to easily create customized, engaging, and effective learning materials. This
work not only addresses a critical resource and tooling gap for the Turkish language
but also provides a replicable blueprint for developing similar educational tools in other
agglutinative or low-resource languages, fostering broader Al-enhanced educational op-
portunities.



Chapter 7

Automated Generation of Arabic
Educational Crosswords

7.1 DMotivation and Scope

Crossword puzzles, when thoughtfully designed for pedagogical purposes, are powerful
tools for reinforcing knowledge, enhancing vocabulary, and developing technical termino-
logy recall. Their effectiveness spans multiple disciplines, including history, science, and
linguistics, making them particularly apt for educational settings and language learning.
By requiring active recall and accurate spelling, crosswords foster an interactive learning
experience that promotes the retention of specialized jargon and improves critical think-
ing abilities.

Bringing this pedagogical value to the Arabic language at scale, however, presents signi-
ficant challenges. Arabic, with its complex morphology, right-to-left (RTL) script, and
orthographic nuances (such as diacritics), requires specialized computational approaches.
Traditional automated generation methods often struggle with these complexities. Fur-
thermore, there is a marked scarcity of advanced digital educational tools and datasets
tailored specifically for Arabic, which hampers the development of reliable authoring sys-
tems.

The manual creation of high-quality Arabic crosswords is labor-intensive, demanding sig-
nificant linguistic expertise and time. Existing automated tools often rely on generalized
lexical databases and lack the ability to ground clues in specific instructional texts—a cru-
cial requirement for ensuring that puzzles align with curriculum objectives and provide a
verifiable learning experience.

This chapter addresses these needs by presenting a unified, end-to-end framework for
the automated generation of Arabic educational crosswords. This framework harmon-
izes the methodologies and findings from two distinct research efforts to provide a robust
and flexible solution. The system is designed to operate in two complementary modes,
accommodating different educational scenarios:

1. Text-Conditioned Generation (Path A): Creating curriculum-aligned puzzles
directly from instructional Arabic texts (e.g., textbook chapters or articles).

2. Answer-Conditioned Generation (Path B): Creating vocabulary or review
puzzles from a list of teacher-provided keywords (answers).

The evolution of this framework represents a significant advancement. Initial work
established the foundational architecture and explored the use of few-shot learning for
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Path A and fine-tuning on a manually curated dataset for Path B. Subsequent research
significantly enhanced Path A by introducing Arabic-Clue-Instruct, a large-scale, text-
aligned dataset, and shifting the methodology from few-shot learning to a more robust
instruction-tuning paradigm.

This chapter details the integrated framework, highlighting the specialized data resources
developed, the advanced Large Language Model (LLM) driven methodologies for clue
generation and validation, and the algorithmic approach to grid construction. The goal
is to provide educators with a reliable tool to make learning Arabic more engaging and
effective through gamification.

7.2 Framework Overview

The system is architected as a modular pipeline that integrates several specialized com-
ponents to transform input materials (text or keywords) into a polished educational cross-
word puzzle. The architecture, illustrated in Figure [7.1] supports the two primary gener-
ation pathways (Path A and Path B), which converge on shared validation and schema
generation modules.

7.2.1 Component Roles and Architecture

The framework abstracts functionality into distinct roles, allowing for flexibility and con-
tinuous improvement as new models become available.

« Keyworder (Path A only): Responsible for identifying educationally salient
and crossword-suitable targets (answers) from an input instructional text. Initial
implementations utilized few-shot prompting of LLMs for this task.

e Generator: The core component responsible for producing clues. It operates in
two modes:

— Context-Grounded (Path A): Generates clues based on a keyword and its sur-
rounding context. This mode evolved from few-shot learning to utilizing spe-
cialized models instruction-tuned on the Arabic-Clue-Instruct dataset.

— Answer-Only (Path B): Generates definition-style clues based solely on the
answer string, utilizing models fine-tuned on a curated repository of Arabic
crosswords.

e Validator: A critical quality assurance module that enforces constraints and en-
sures the pedagogical suitability of the generated clue-answer pairs. It employs a
cascade of checks, including deterministic rules and learned acceptability classifiers.

o Selector/User Revision: Surfaces high-confidence pairs to the educator, allowing
for manual review, selection, and the marking of “preferred answers” before grid
generation.

e Schema Generator: An algorithmic layout engine that places the selected answers
into a high-quality, dense, and interlocked grid under specified constraints.
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Unified Arabic Crossword Generation Framework
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Figure 7.1: System architecture. Path (a): Text input leads to Keyword Extraction,
followed by Clue Generation (using few-shot learning or instruction-tuned models), and
Validation. Path (b): Keyword input leads to Clue Generation by fine-tuned models,
followed by Validation. Both paths converge on User Revision and Schema Generation.

7.2.2 Data Flow and Pipeline Steps

The operational workflow differs depending on the available input material.

Path (a): Text-Conditioned Generation. This path ensures curriculum alignment
and factual grounding.

1. Text Segmentation and Keywording: The input text is segmented, and the
Keyworder extracts salient keywords.
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. Context-Grounded Clue Generation: For each keyword, the instruction-tuned

Generator produces candidate clues entailed by the paragraph.

. Validation: The Validator applies rule checks (e.g., leakage detection) and classi-

fiers to ensure quality.

. Selection and Schema Generation: Surviving pairs are selected and passed to

the Schema Generator.

Path (b): Answer-Conditioned Generation. This path is utilized when only a list

of solutions is available.

1. Answer Normalization: The input answer list is normalized (e.g., diacritic re-

moval, length capping).

. Answer-Only Clue Generation: The Generator (fine-tuned on the legacy repos-

itory) produces candidate clues for each answer.

. Validation: The validation cascade is applied, relying heavily on the learned ac-

ceptability classifier to filter outputs. Thresholds are set for high precision.

. Selection and Schema Generation: Selected pairs are passed to the Schema

Generator.

7.3 Foundational Data Resources for Arabic

The efficacy of this framework is underpinned by two complementary, large-scale Arabic

data resources. The scarcity of existing digital resources necessitated the development

of both a repository of traditional clue-answer pairs and a novel text-aligned corpus for

instruction tuning.

7.3.1 The Legacy Arabic Crossword Pair Repository

To support Path B and the training models, a comprehensive repository of existing Arabic

crossword clue-answer pairs was compiled. This required a significant collection and

curation effort.

Data Collection and Curation

The data collection process involved sourcing puzzles from various accessible mediums,

including web-based games, journals, and magazines, spanning 2020 to 2023.

The collection involved two primary sources and methods:

e Manual Extraction: For sources like the Al-Joumhouria Journal, 5,661 clue-

answer pairs were manually extracted and transcribed.



7.8. Foundational Data Resources for Arabic 79

® Answer Length Frequency

18.721%

] .
12k = H ® Unique Answer Length Frequency
L] ]
= ® Answer Length Frequency for Unique Clue-Answer Pairs
10k 2
B
E
Fd
5 8k
S =
9] g -
- 4 K
s M. 2
g 6k N = K
i 0D K 2
w : =0 BEH B-E =
s N s
e 2
# 3 B2 ¢
= H R
S Je¥ ¥ g o3 a
2K 22 E'" B sef §§§ R Z’:*'\" Rl Ko 20 Re® s e L@@ 2o
85k of IGc gic -Ec 38% B3 85 33§ REE BER PRy oER Bud
255 i = -= SZ= o2 gt gJuw N9%3 828 538 533 858
ss55 I II II I = SS ScS occS s55 555 555
N AN Hu0 A0 OAE 0D AR A A AR
1 3 4 5 6 7 8 9 10 11 13 14 15 16 17 18 19 20 21

Answer Length

Figure 7.2: Answer-length distribution in the curated legacy Arabic crossword repository
(AR_CW). Blue bars represent all entries, green bars represent unique answers, and red
bars represent unique clue-answer pairs.

¢ OCR-Assisted Extraction: For digital images or scanned documents, such as
those from the Al-Ghad Electronic Journal, Optical Character Recognition (OCR)
tools were utilized.

Crucially, the extraction process was heavily supervised. Human validation was es-
sential to correct OCR errors, verify spelling within the original sources, and assess the
overall quality of the clue-answer pairs.

Preprocessing and Normalization

The raw collected data required meticulous preprocessing for model training:

o Diacritic Removal: Elimination of Arabic accents (diacritics) to normalize the
text.

e De-duplication: Removal of redundant pairs.

¢ Cleanup of Reversal Markers: Removal of markers indicating a reversal of the
answer, an idiosyncrasy sometimes found in Arabic crosswords but unsuitable for
standardized formats.

Dataset Statistics and Structure

The final curated repository comprises 57,706 entries, yielding 25,908 unique clue-answer
pairs. The dataset exhibits a variety of clue styles, including synonyms/antonyms, general
information, anagrams/scattered letters, and partial words.

The distribution of answer lengths is visualized in Figure Answers vary from 1 to 21
characters, with the vast majority falling within the 2 to 9 character range, informing the
typical characteristics of Arabic crossword grids.
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Figure 7.3: Methodology overview for creating Arabic-Clue-Instruct: (a) Data Retrieval
from Arabic Wikipedia; (b) Filtering and Cleaning Data; (¢) Prompt Design; (d) Arabic
Clue Generation using GPT-4 Turbo (Teacher Model); (e) Training LLMs (Student Mod-
els).

7.3.2 Arabic-Clue-Instruct: A Text-Aligned, Category-Aware Cor-
pus

While the legacy repository is valuable for Path B, it lacks the crucial element needed
for Path A: a direct link between the clue and a source instructional text. To enable
high-fidelity, context-grounded generation, the Arabic-Clue-Instruct dataset was created
. This is the first dataset of its kind for Arabic, specifically designed to instruction-tune
LLMs.

Dataset Construction Methodology

The dataset was constructed using a semi-automated pipeline, leveraging a high-capability
"Teacher" LLM (GPT-4 Turbo) to synthesize structured training data. The methodology
is visualized in Figure [7.3]

1. Data Acquisition. The process began by extracting the initial sections of approx-
imately 211,000 Arabic Wikipedia articles, focusing on the prominently bolded keywords
in the introduction, which typically correspond to the article’s main focus.

2. Data Filtering and Refinement. A stringent filtration process was applied to
ensure data quality:

e Content Length: Articles with fewer than 50 words were discarded to ensure
sufficient context.

e Keyword Constraints: Keywords longer than two words, outside the 3 to 20
character limit, or containing special characters/numerals were excluded.

This refinement process reduced the dataset to 14,497 high-quality context-keyword pairs
spanning 20 distinct thematic categories.

3. Prompt Engineering. A specialized prompt (Figurc was meticulously designed
to guide the Teacher LLM (GPT-4 Turbo). The prompt provides the keyword, category,
and context, and includes explicit instructions to generate concise (MAX 4 WORDS),
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You are an Arabic Crossword Puzzle Author expert. your expertise involves taking any paragraph and generate

i clues based on the Keywords and the Category. your task is to generate a clever and accurate clues which uses
: wordplay, metaphors, puns, and other creative techniques to make the clues engaging and thought-provoking.This
. task is designed for crossword puzzle authors looking to engage their audience with entertainment clues.

: based on a given keywords, a category and a keyword-related context.
: KEYWORDS: {keyword}

CATEGORY: {category}
: CONTEXT: {text}
: Follow these steps:
1. Analyze the context to identify the most relevant and informative connections between '{keyword}' and
! '{category}'. Extract key facts from the context, considering the length and complexity.

2. Create {no} clues from these keyfacts in Arabic (MAX 4 WORDS) that would be clue for the {keyword}, making
: sure not to include the keyword in the clues.

¢ 3. '{keyword}' should be the answer to the clue. Avoid using the '{keyword}' or its derivatives directly in the
: clues. Instead, use descriptive phrases, synonyms, or creative wordplay that hints at '{keyword}' without
! revealing it outright.

: 4. Provide clues in the following structure: Clues: <cluel> , <clue2> , <clue3> ...

Figure 7.4: Illustrative prompt used with the Teacher LLM (GPT-4 Turbo) to elicit short,
non-leaking, educational Arabic clues for the Arabic-Clue-Instruct dataset.

factually accurate clues based on the text, while strictly avoiding leakage of the keyword
or its derivatives.

4. Clue Generation (Teacher Model). Using the curated inputs and the specialized
prompt, GPT-4 Turbo generated at least three distinct clues for each entry, resulting in
a total of 54,196 generated clues.

Dataset Statistics and Distribution

The final Arabic-Clue-Instruct dataset contains 14,497 content—keyword pairs spanning
20 distinct categories, for which we generated a total of 54,196 clues.
The distributions of context, keyword, and clue lengths are shown in Figure Most
contexts fall between 40 and 200 words; keywords are primarily between 5 and 15 char-
acters; and clues typically center around 20 to 30 characters.

The topical distribution (Figure shows broad coverage, with "Geography," "Sci-
ence," and "Society" being the most represented categories.

Quality Validation of Arabic-Clue-Instruct

To ensure the reliability of the synthetic dataset, its quality was rigorously assessed.

Automatic Metrics . ROUGE [125] scores were used as a supportive metric to gauge
the extractive overlap between the generated clues and the input context. For text
vs. GPT-4 Turbo clues, the mean scores were ROUGE-1 = 0.0281, ROUGE-2 = 0.0055,
and ROUGE-L = 0.0278. These relatively low values are expected, since clues are para-
phrases rather than direct extractions, yet they indicate a measurable connection to the
source text.
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Figure 7.5: Distributions of context word counts (top), keyword character lengths
(middle), and clue character lengths (bottom) in the Arabic-Clue-Instruct corpus.

Human Evaluation. A more informative assessment was conducted by native Arabic
speakers on a subset of approximately 600 clues using a five-level rating scale (A-E),
evaluating coherence, validity, contextual alignment, and leakage. Rating definitions:

e A (coherent & valid): Clue is correct and well-formed, aligning with the given
context, answer, and category.

o B (minor issues): Generally acceptable, but shows slight issues—often a weaker link
to the specified category.
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Figure 7.6: Category coverage (20 classes) for the Arabic-Clue-Instruct corpus.
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Figure 7.7: Counts of human ratings (A-E) for a sampled set of clues within the Arabic-
Clue-Instruct dataset, demonstrating high overall quality.

e C (vague/broad): Relates to the answer, but the connection to the context is vague
or overly broad.

o D (incorrect/irrelevant): Irrelevant or incorrect with respect to the answer or con-
text.

« E (leakage): Unacceptable because it directly contains the answer or a close variant
of it.

The results (Figure confirm the high quality of the dataset. Specifically, the
distribution across the five levels was: A 67.55%, B 6.59%, C 1.15%, D 24.55%, and E
0.16%. Over 67.5% of the clues generated by the Teacher model were rated ‘A’ (highest
quality), and 74.14% were rated ‘A’ or ‘B’ (acceptable), validating that Arabic-Clue-
Instruct offers a strong foundation for training student models.
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7.4 Methodology: From Arabic Text to Puzzle

The framework’s methodology integrates several specialized components to transform
input (text or answers) into a final crossword grid. This involves distinct generation
strategies for Path A and Path B, a unified validation cascade, and an optimized schema
generator.

7.4.1 Path (a): Text-Conditioned Generation

Path A involves extracting suitable keywords from the text and then generating contextu-
ally grounded clues. The methodology evolved from initial reliance on few-shot learning
to a more sophisticated instruction-tuning approach.

Keyword Extraction

The Keyworder component identifies educationally salient targets. This is typically
implemented using few-shot learning with a strong LLM (e.g., GPT-4) . A prompt is
constructed with examples of educational text and desired keywords. The LLM then uses
these examples to extract potential keywords from the target input text that adhere to
constraints (e.g., max two tokens).

Clue Generation: Evolution to Instruction Tuning

The Generator component for Path A leverages the Arabic-Clue-Instruct dataset to
specialize "student" LLMs . This approach supersedes earlier methods that relied on few-
shot prompting of general-purpose models , which were sometimes inconsistent or prone
to generating clues based on innate knowledge rather than the provided text.

We fine-tune both open-source (Llama3-8B-Instruct) and proprietary (GPT-3.5-Turbo)
models. The training process aligns these models to generate concise Arabic definitions
(< 4 words) that are strictly entailed by the provided paragraph without leaking the
answer string. This instruction-tuning approach significantly enhances the reliability and
quality of the generated clues.

7.4.2 Path (b): Answer-Conditioned Clue Generation

When only answers are available, the Generator component for Path B is utilized. This
generator is fine-tuned on the legacy clue answer pair repository . This training exposes
the models to the diverse styles of human-authored Arabic crosswords.

Several models of varying sizes were fine-tuned, including GPT-3 variants (Davinci, Curie)
and GPT-3.5 Turbo. The fine-tuning process involves providing the model with an answer
and training it to generate a corresponding, plausible clue, enabling the system to produce
high-quality definitions without an accompanying source text.
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7.4.3 The Validation Cascade

A critical aspect of the framework is the multi-stage Validator component, which ensures
the quality of the generated pairs from both paths. The cascade is designed to maximize
precision.

Rule-Based Checks
The first stage involves deterministic heuristics to filter out common errors:

e Answer Length Constraints: Rejecting answers composed of more than three
words.

o Leakage Prevention: Strictly forbidding clues that contain the answer string or
its direct morphological variants.

o Basic Constraints: Checking for length and basic format constraints.

Learned Acceptability Classifiers

The second stage employs supervised binary classifiers to identify nuanced quality issues
(e.g., ambiguity, factual errors) . These classifiers are trained on a dataset of 6,000
human-labeled instances derived from the legacy corpus, balanced between acceptable
and unacceptable examples.

Several models were trained as classifiers, including GPT-3 Davinci, Curie, Babbage, Ada,
and BERT-base-Arabic. These models predict an accept/reject label for each generated
pair, providing an automated quality gate.

Zero-Shot Validation (Legacy Path A)

In earlier iterations of Path A | an additional validation step used zero-shot learning,
where an LLM was prompted to verify if the generated clue was factually supported by
the provided text. This helped mitigate hallucinations when using few-shot generation
methods.

7.4.4 Schema (Grid) Generation

The final stage is the Schema Generator, which assembles the validated pairs into
a printable grid. The engine performs a randomized constructive search over possible
placements .

7.4.5 Shared Component: Schema Generation

The schema-generation phase reuses the algorithm from the English pipeline (Section
. A randomized constructive search positions validated clue—answer pairs into a
tight, strongly interlocked grid. A multi-objective scoring function guides the process to
maximize filled entries, increase crossing density, and improve the overall fill ratio. The
outcome is a polished, solvable puzzle well suited for educational settings.
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7.5 Experimental Validation

We report a consolidated view of the experimental evidence across both pathways, de-
tailing the experimental setup, the metrics used, and the key results derived from the
foundational studies.

7.5.1 Experimental Setup and Implementation Details

The experiments involved fine-tuning several LLMs for both generation and validation
tasks.

Path A: Instruction Tuning Setup

For the text-conditioned generators, the Arabic-Clue-Instruct dataset was split into 14,000
training pairs and 497 testing pairs .

e GPT-3.5-Turbo: Fine-tuned with a batch size of 16 and a learning rate of 0.01
across three epochs.

o Llama3-8B-Instruct [126]: Fine-tuned using Low-Rank Adaptation (LoRA) [121]
for parameter efficiency. Parameters were set to r = 32 (rank) and o = 64, over
three epochs, with a total batch size of 128 and an initial learning rate of 3 x 1074

The training utilized a server equipped with dual NVIDIA A6000 GPUs, leveraging
DeepSpeed and FlashAttention-2 technologies for acceleration. For inference, conservative
sampling parameters were used (temperature 0.1, top-p 0.95, top-k 50).

Path B: Fine-Tuning and Classifier Training

For Path B generators, models were fine-tuned on the clue answer pair repository . The
validation classifiers were trained on the 6,000 human-labeled acceptability examples,
using an 80/20 train/test split.

7.5.2 Evaluation Metrics

The evaluation employs both automatic metrics and human assessment. ROUGE scores
are used as a supportive automatic metric for Path A to measure similarity to reference
clues. Human evaluation by native Arabic speakers, using the 5-level rating scale (A-E)
defined in Section [7.3.2] is the primary measure of quality, assessing coherence, validity,
contextual alignment, and the absence of leakage.

7.5.3 Validation of Text-Conditioned Generation (Path A)

The evaluation of Path A focused on assessing the impact of instruction-tuning on the
models’ ability to generate high-quality, text-grounded clues .
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Table 7.1: Mean ROUGE scores vs. GPT-4 Turbo reference clues across model families.
Fine-tuning significantly improves similarity.

Model Type Name ROUGE-1 ROUGE-2 ROUGE-L

Base GPT-3.5 0.0152 0.0011 0.0148
Base LLaMA3-8B 0.0063 0.0009 0.0063
Fine-tuned GPT-3.5 0.0405 0.0045 0.0405
Fine-tuned LLaMA3-8B 0.0354 0.0030 0.0354
Count of Ratings
Models
s GPT-3.5 Turbo
s GPT-3.5 Turbo Fine-tuned
400 s Llama-3-8b instruct
B | lama-3-8b instruct Fine-tuned
300
8
200
! u 1
0 A B C D E

Ratings Distribution

Figure 7.8: Human ratings by model (base vs. fine-tuned) on text-conditioned Arabic
clues. Fine-tuning drastically increases A-ratings and reduces D/E ratings.

Automatic Metric Results

Table compares the ROUGE scores of base and fine-tuned models against the GPT-4
Turbo reference clues on the test set.

The results demonstrate that fine-tuning significantly increases the similarity to the
high-quality reference clues for both GPT-3.5 and Llama3-8B. The base models exhibit
minimal overlap, highlighting the necessity of instruction-tuning for this specialized task.

Human Evaluation Results

A human evaluation was conducted on 200 Arabic contexts (600 clues) generated by
the base and fine-tuned models. The results, illustrated in Figure [7.8] show a dramatic
improvement in quality after fine-tuning.

The fine-tuned Llama3-8B model emerged as the top performer, achieving a remark-
able 78.86% A-rating (highest quality), a substantial increase from the base model’s
36.02%. Crucially, fine-tuning drastically reduced the proportion of low-quality clues
(D and E ratings) for both models. This confirms that instruction-tuning on Arabic-
Clue-Instruct successfully specializes LLMs for generating high-quality Arabic educational
clues.
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Figure 7.9: Worked example (text-conditioned): (a) input paragraph, (b) extracted

keywords, (c) generated clues, and (d) validated pairs.

Table 7.2: Assessment outcomes of the few-shot learning approach for Path A .

Model System Part English Prompt  Arabic Prompt
GPT-4 Keyword Extractor 95.05% 94.32%

Clues Generator 94.62% 93.23%

Validator (Zero-shot) 87.76% 84.01%

Total performance 78.95% 74.60%
GPT-3.5-Turbo Keyword Extractor 92.00% 97.38%

Clues Generator 55.33% 37.78%

Validator (Zero-shot) 89.04% 89.32%

Total performance 46.68% 68.83%

A worked example demonstrating the end-to-end process of Path A is shown in Figure[7.9

Few-Shot Learning Evaluation (Legacy Approach)

In earlier explorations of Path A | few-shot learning was used instead of instruction-
tuning. This approach evaluated GPT-4 and GPT-3.5 Turbo using both English and
Arabic prompts on 100 Wikipedia paragraphs (Table .

Keyword extraction was highly accurate. However, clue generation quality varied;
GPT-4 achieved over 93% accuracy, while GPT-3.5 Turbo struggled (37-55%). Over-
all, GPT-4 demonstrated strong end-to-end performance (78.95%). While effective for
high-capability models, the instruction-tuning approach provides a more robust solution,
especially for smaller, open-source models.

7.5.4 Validation of Answer-Conditioned Generation (Path B)

The evaluation of Path B focused on the ability of models fine-tuned on the legacy corpus
to generate acceptable clues from keywords alone . Three models were evaluated by gen-
erating clues for 2,000 keywords, which were then assessed by human judges (Table [7.3)).

The fine-tuned GPT-3.5 Turbo [122] significantly outperformed the others, achieving
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Table 7.3: Acceptance rates for answer-conditioned generation (human-rated) .

Model % acceptable clues
GPT-3 Davinci  41.90
GPT-3 Curie 21.35
GPT-3.5 Turbo 81.00

Table 7.4: Classifier performance on distinguishing acceptable clue—answer pairs .

Model Accuracy %  Precision %  Recall % F1

GPT-3 Davinci 85.74 83.39 85.26 0.8431
GPT-3 Curie 81.29 78.86 79.89 0.7937
GPT-3 Babbage 78.69 75.17 78.54 0.7682
GPT-3 Ada 79.19 77.48 75.75 0.7660
BERT-base-Arabic  71.42 67.91 70.04 0.6896

a high acceptance rate of 81.00%. This demonstrates that Path B is effective when high-
quality fine-tuning data and a capable model are available.

7.5.5 Validator Performance

The performance of the learned acceptability classifiers was evaluated on the held-out test
set of the 6,000 labeled examples . The results are summarized in Table [7.4]

The GPT-3 Davinci classifier achieved the highest performance (Accuracy 85.74%, F1
0.8431). All GPT-3 variants significantly outperformed the BERT baseline. These results
demonstrate that learned classifiers provide a reliable automated quality gate, reducing
editorial burden.

7.5.6 Schema Generation and End-to-End Output

The schema generator successfully produces dense, interlocking layouts under the defined
constraints. The randomized constructive search algorithm reliably balances the fill ratio
and linked letters, resulting in high-quality, printable grids.

Tllustrative examples of complete Arabic educational crosswords produced by the end-to-
end system are shown in Figures and demonstrating the successful integration
of generation, validation, and grid assembly.

7.6 Conclusions

This chapter presented a unified and comprehensive framework for the automated genera-
tion of Arabic educational crosswords. By integrating two complementary pathways—text-
conditioned (Path A) and answer-conditioned (Path B)—the framework ensures robust-
ness and flexibility across diverse educational scenarios.

The foundation of this work lies in the creation of two critical data resources: the legacy
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Figure 7.10: Illustrative Arabic educational crossword (Physics topic) produced by the
layout engine, combining pairs from Path A and Path B.
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Figure 7.11: Another example crossword crafted by the system (Geography topic).

clue answer pair repository, curated through extensive manual effort and OCR, and the
novel Arabic-Clue-Instruct dataset, synthetically generated using a teacher-student meth-
odology. These datasets enabled the development of specialized generators and validators
tailored to the nuances of the Arabic language.

Empirical validation demonstrates the effectiveness of the approach. For text-conditioned
generation, instruction-tuning open-source models like Llama3-8B [126] on Arabic-Clue-
Instruct yields significant improvements over base models, producing concise, faithful, and
non-leaking clues with high human acceptance rates (nearly 79% A-rated). For answer-
conditioned generation, fine-tuned models achieve strong performance (81% acceptance
rate), providing a viable option when source texts are unavailable.

The framework’s modular design, incorporating a precision-first validation cascade (with
classifiers achieving up to 85.7% accuracy) and an optimized schema generator, ensures
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the production of high-quality, classroom-ready educational tools. This work signific-
antly advances the state-of-the-art in Arabic educational technology, providing a scalable
and reliable method for leveraging Al to enhance learning through engaging, interactive

puzzles.
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Chapter 8

Automating Turkish Educational Quiz
Generation with Large Language Models

8.1 Motivation and Scope

This chapter proposes an end-to-end methodology for automatically generating educa-
tional quizzes from Turkish texts, built on the From Language to Learning framework
introduced in this thesis. The goal is to provide a scalable blueprint for automated as-
sessment in a low-resource, morphologically rich language.

Quizzes underpin effective teaching and learning: they enable retrieval practice (improving
long-term retention), deliver timely feedback, and help instructors diagnose misconcep-
tions. Yet producing high-quality items—especially Multiple-Choice Questions (MCQs)
with plausible distractors—is time-consuming and demands both subject expertise and
careful item design. Automating this process with modern NLP promises faster iteration
and broader access to customized materials.

Research on Automated Question Generation (QG) has focused heavily on English, leav-
ing a digital divide. Low-resource settings face: (i) data scarcity—limited corpora pairing
texts with assessment items; (ii) resource limitations—few specialized tools, benchmarks,
or tailored pre-trained models; and (iii) linguistic complexity that general, Anglocentric
models inadequately capture.

Turkish intensifies these challenges through (i) agglutinative morphology with productive
suffixation, complicating lemmatization and grammatical generation; (ii) vowel harmony,
which constrains suffix forms; and (iii) flexible constituent order (often SOV but reorder-
able for emphasis), raising ambiguity and clarity issues in generated items. Effective
distractor generation further requires sensitivity to these morpho-syntactic interactions.
Given an arbitrary Turkish educational passage, the system automatically produces:

1. MCQs: a well-formed stem, one correct answer (key), and several linguistically and
semantically plausible yet incorrect distractors;

2. SAQs: a concise, unambiguous question with a gold answer.

Overall, the contribution is a practical, reproducible pipeline for Turkish QG that ad-
dresses the automation bottleneck while illuminating the path for other low-resource,
morphologically rich languages.
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8.2 Methodology: The “From Language to Learning”
Framework Applied to Turkish QG

To address the challenge of automating Turkish educational quiz generation, we apply the
unified “From Language to Learning” framework central to this thesis. This methodology
leverages a systematic two-stage distillation process to transform powerful but general-
purpose LLMs into specialized, efficient tools capable of generating high-quality MCQs
and SAQs tailored to the Turkish educational context. This section details the application
of this framework, covering the curation of Turkish educational content, the sophisticated
process of synthesizing the instructional dataset, and the subsequent fine-tuning of the
student models.

8.2.1 Architectural Overview

The methodology follows a structured, multi-step pipeline, as illustrated in Figure [8:1]
It commences with the rigorous collection and preparation of raw educational content,
which forms the input for the two core stages of the distillation process: synthetic data
generation by a teacher model and knowledge transfer to student models.
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Figure 8.1: End-to-end methodology: (a) collection of Turkish educational content; (b)
data cleaning and filtering; (c) crafting specialized prompts; (d) synthesis of the seed
dataset (Turkish-Quiz-Instruct) using a teacher LLM; (e) fine-tuning student LLMs for
reliable Turkish quiz generation.

8.2.2 Data Generation (Creating Turkish-Quiz-Instruct)

The first and most critical stage involves the creation of a high-quality seed dataset,
Turkish-Quiz-Instruct. This process relies on leveraging the advanced capabilities of a
powerful “teacher” LLM (GPT-4-Turbo) through meticulous data preparation and soph-
isticated prompt engineering.
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The foundation of the dataset is a comprehensive collection of Turkish educational texts
spanning a diverse range of disciplines, ensuring broad applicability of the resulting mod-
els. The disciplines included are Chemistry, Biology, Geography, Philosophy, Turkish
Literature, and History.

Data Scraping and Source Curation. The information extraction process specific-
ally targeted reputable Turkish websites dedicated to disseminating educational content
aligned with secondary school curricula. The primary sources utilized were https:
//bikifi.com/| and https://basarisiralamalari.com/ These platforms offer com-
prehensive summaries of key concepts and topics that adhere to officially sanctioned
educational standards. Utilizing such curated sources ensures the curricular relevance
and factual accuracy of the base material.

Data Cleaning and Filtering. Raw scraped data invariably contains noise that can de-
grade the quality of the generated quizzes. To ensure the integrity of the dataset, a series
of meticulous data-cleaning procedures were implemented (Figure [8.1p). This involved
the systematic removal of extraneous elements such as navigation bars, advertisements,
emojis, hyperlinks, and irrelevant markup. Furthermore, a length-based filtering strategy
was applied: excessively short text fragments were eliminated to ensure that the remain-
ing passages provided sufficient context for generating meaningful, non-trivial questions.
This cleansing process mitigated noise and enhanced the overall coherence and reliability
of the data.

Prompt Engineering for Pedagogical Constraints The formulation of targeted
prompts was a critical step for eliciting well-formed MCQs and SAQs from the teacher
model (Figure ) Standard prompting techniques often fail to produce outputs that
adhere to the strict requirements of educational assessments. Therefore, the prompts
were meticulously crafted to guide the generation process, ensuring the resulting quizzes
were informative, engaging, and, crucially, pedagogically sound. A structured prompt
template was designed to enforce several critical constraints simultaneously: clarity, key
uniqueness, plausible distractors, and strict content alignment. This template, shown in
Figure explicitly instructs the model on the required components of an MCQ (stem,
correct answer, distractors) and outlines specific rules governing their creation:

1. Clarity and Grammaticality: The stem must be clear, concise, and grammatic-
ally correct in Turkish, adhering to morphological rules.

2. Unambiguous Key: The correct answer must be indisputably correct based on
the provided text and directly address the question posed in the stem.

3. Plausible Distractors: Distractors must be plausible yet definitively incorrect.
They should be related to the topic to test the student’s understanding but should
not be trivially wrong or inadvertently reveal the correct answer (e.g., through
grammatical mismatches).

4. Content Grounding: The entire quiz (stem, key, and distractors) must be strictly
based on the information present in the provided educational text, minimizing the
risk of hallucination.
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5. Conciseness and Format: Avoid overly long sentences and adhere to the specified
JSON output structure for automated processing.

Figure 8.2: The structured prompt template used with the teacher LLM (GPT-4-Turbo)
for Turkish MCQ generation, enforcing pedagogical constraints and output format.

This rigorous prompt design is essential for managing the complexities of Turkish. For
example, ensuring distractors are grammatically parallel to the correct answer requires
careful attention to suffixation and vowel harmony, which the prompt implicitly encour-
ages by demanding high-quality Turkish output.

Seed Dataset Synthesis

Leveraging the curated content and the engineered prompts, the teacher model (GPT-
4-Turbo) was employed to synthesize the Turkish-Quiz-Instruct dataset. This process,
rooted in the principles of the SELF-INSTRUCT framework, facilitated the large-scale gen-
eration of structured supervision data. GPT-4-Turbo was selected as the teacher model
due to its superior performance in natural language understanding and generation, and
its demonstrated proficiency in handling the morphological and syntactic complexities of
the Turkish language.

The synthesis resulted in a comprehensive dataset where each educational passage is
paired with corresponding MCQs. To create the SAQ portion of the dataset, a derivation
process was applied: the correct answer was extracted from the generated MCQs, and the
question-answer pair was reformulated into a concise short-answer format. The resulting
quality and characteristics of this dataset are detailed in Section .

8.2.3 Instruction Fine-Tuning and Knowledge Distillation

In the second stage, the synthetic Turkish-Quiz-Instruct dataset serves as the training
corpus to fine-tune smaller, more accessible “student” models . This knowledge distillation
process transfers the specialized quiz generation capabilities of the teacher model to the
student models, significantly enhancing their ability to produce contextually relevant and



8.3. The Turkish-Quiz-Instruct Dataset 99

linguistically precise Turkish quizzes efficiently.
Model Selection We selected several state-of-the-art LLMs known for their multilingual
capabilities and effectiveness in instruction-following tasks:

¢ Open-Source Models: Llama-2-7b-chat-hf and Llama-2-13b-chat-hf. These mod-
els were chosen as they provide accessible, transparent, and efficient alternatives to
proprietary models, crucial for democratizing educational technology.

e API Model: GPT-3.5-Turbo. This model was included to serve as a high-performance
benchmark and to assess the benefits of fine-tuning even for already capable models.

Fine-Tuning Methodology The fine-tuning process aimed to adapt these base models
specifically for the tasks of MCQ and SAQ generation from Turkish educational texts. The
dataset was partitioned into a training set (comprising 8,000 passages) and an evaluation
set (comprising 260 passages).

Given the substantial computational resources required to fully fine-tune large models, we
employed Low-Rank Adaptation (LoRA) [121] for the Llama-2 models [I23] . LoRA [I21]
is a PEFT [120] technique that freezes the pre-trained model weights and injects trainable,
low-rank matrices into the layers of the Transformer architecture (typically the attention
layers). This approach drastically reduces the number of trainable parameters—often
by a factor of thousands—while achieving strong task-specific performance comparable
to full fine-tuning. This efficiency is critical for making the framework sustainable and
adaptable.

Training Configuration. The fine-tuning configurations were optimized for each model
family:

o Llama-2 Models (7B and 13B): Utilized LoRA with a rank (r) of 16 and an
alpha (a) of 32. The training was conducted with a unified batch size of 64 and a
learning rate of 0.0001 across three epochs.

¢ GPT-3.5-Turbo: Fine-tuned using the available API with a batch size of 16 and
a learning rate of 0.001 over three epochs.

This meticulous fine-tuning strategy ensured that the student models were effectively
specialized for the nuances of Turkish educational quiz generation. As the results demon-
strate, this process significantly advanced their capabilities beyond their base versions,
transforming them from unreliable generators into effective educational tools.

8.3 The Turkish-Quiz-Instruct Dataset

The cornerstone of this research is the Turkish-Quiz-Instruct dataset, a novel and com-
prehensive collection of Turkish educational texts paired with meticulously crafted MCQs
and SAQs. This dataset represents a significant contribution to the field, addressing the
critical scarcity of resources for Turkish educational technology and providing a robust
foundation for the development and evaluation of QG models.
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8.3.1 Dataset Characteristics and Statistics

The dataset encompasses a wide array of educational materials curated for secondary
education levels, spanning six primary disciplines: Chemistry, Biology, Geography, Philo-
sophy, Turkish Literature, and History.

Subject Distribution The distribution of subjects within the corpus is illustrated in
Figure The dataset exhibits a relatively balanced representation across the core
disciplines. History constitutes the largest segment, followed closely by Chemistry, Geo-
graphy, Literature, and Biology. Philosophy, while important for critical thinking skills,
has a smaller representation in the curated sources. This diversity is intentional and
crucial for training models that can generalize across different domains, discourse styles,
and specialized terminologies. Token Distribution and Capacity Planning Under-
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Figure 8.3: Subject distribution across the Turkish-Quiz-Instruct corpus.

standing the length distributions of the source passages and the generated quizzes is
essential for optimizing model training, particularly for determining appropriate context
window sizes and efficient batching strategies. Figure[8.4]visualizes the token distributions
(calculated using the fast Llama-2 tokenizer) for both the educational contexts and the
generated MCQs. The source passages exhibit a wide distribution, reflecting the varied
nature of the educational content. The distribution peaks around 200-300 tokens, but
there is a long tail extending up to several thousand tokens. This necessitates the use of
models capable of handling long contexts or the implementation of effective truncation
or chunking strategies. In contrast, the generated MCQs are significantly more concise,
typically ranging from 50 to 200 tokens. This confirms the dataset’s breadth and provides
the necessary empirical data for capacity planning during both the fine-tuning and infer-
ence stages.

Quality Validation of the Seed Data The efficacy of the “From Language to Learn-
ing” framework hinges on the quality of the synthetically generated dataset, as it serves
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Figure 8.4: Token distributions for source passages (top) and generated MCQs (bottom)
in the Turkish-Quiz-Instruct dataset. These distributions guide context window choices
and computational resource planning.

as the primary supervision signal for the student models. Any flaws in the seed data risk
being learned and amplified by the student models. Therefore, we conducted a rigorous
human evaluation to assess the quality of the seed items generated by the teacher model
(GPT-4-Turbo).

Human Evaluation Protocol A representative sample of the generated quizzes was
scrutinized by native Turkish speakers possessing expertise in the linguistic subtleties of
the language and familiarity with educational assessment standards. The evaluation util-
ized a comprehensive five-point rating scale (A-E), meticulously designed to assess the
accuracy, relevance, and pedagogical worth of the items:

« RATING-A (Excellent): Questions are factually accurate, grammatically cor-
rect, unambiguous, and directly relate to significant concepts from the source text.
Distractors (for MCQs) are plausible yet clearly incorrect.

e RATING-B (Good): Questions are mostly factual and related to the text, but
may exhibit minor grammatical issues, slight ambiguity, or lapses in addressing the
most significant concepts.

« RATING-C (Acceptable): Questions are loosely related to the text but may
address peripheral topics or be overly simplistic.

« RATING-D (Poor): Questions contain factual inaccuracies, significant grammat-
ical errors, or are only minimally relevant to the text.

¢« RATING-E (Unusable): Questions are demonstrably wrong, misleading, contain
the answer (leakage), or have no clear connection to the educational text.

Seed Data Quality Results The results of the human evaluation are presented in
Figure[8.5] The findings affirm the exceptional quality of the seed dataset. A substantial
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majority, 93.3%, of the generated items were rated as RATING-A. The proportion of low-
quality items (D and E) was minimal. This high proportion of top-rated items confirms
the effectiveness of the sophisticated prompt engineering strategy and the capability of
the teacher model (GPT-4-Turbo) [27] to produce high-fidelity, educationally valuable
quizzes, even in a morphologically complex language like Turkish.

Figure [8.6] provides a concrete, illustrative example of a content-question pair from the
dataset, focusing on the topic of photosynthesis. It showcases the source passage (a), the
corresponding generated MCQ (b), and the derived SAQ (c), demonstrating the clarity
and relevance of the generated items.
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Figure 8.5: Human ratings (A-E) for a held-out sample of teacher-generated items (GPT-
4-Turbo); 93.3% were rated A, indicating high seed data quality.
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Instruct dataset: (a) source passage; (b) generated MCQ; (c) generated SAQ.



8.4. Experimental Validation 103

8.4 Experimental Validation

This section details the comprehensive experimental validation of the proposed method-
ology. We rigorously evaluate the performance of the fine-tuned student models against
their base versions for both MCQ and SAQ generation tasks. The evaluation employs a
dual approach, utilizing both automatic metrics for measuring overlap and human evalu-
ation for assessing pedagogical quality.

8.4.1 Experimental Setup

As mentioned, We evaluate three distinct models: Llama-2-7b-chat-hf, Llama-2-13b-chat-
hf, and GPT-3.5-Turbo. Each model is assessed in two configurations: base (off-the-shelf,
pre-fine-tuning) and fine-tuned (post-fine-tuning on Turkish-Quiz-Instruct). This allows
for a direct measurement of the impact of the distillation process.

Automatic Evaluation Metrics. We employ the standard ROUGE [125] metrics
(ROUGE-1, ROUGE-2, and ROUGE-L) to quantify the n-gram and longest common
subsequence overlap between the generated items and the seed references (generated by
the GPT-4-Turbo teacher model). It is crucial to acknowledge the limitations of ROUGE
in assessing pedagogical quality. ROUGE does not account for syntactic correctness, se-
mantic ambiguity, or the validity of paraphrasing. However, in this context, they serve
as a useful proxy measure for lexical drift and content fidelity, indicating how closely the
student models adhere to the high-quality references produced by the teacher.

Human Evaluation. To overcome the inherent limitations of automatic metrics, we
conducted a comprehensive human evaluation using the same rigorous five-level rating
scale (A-E) described in Section Native Turkish speakers evaluated the quality,
relevance, and correctness of the quizzes generated by all models in both configurations.

8.4.2 Multiple-Choice Question (MCQ) Generation Results

The evaluation of MCQ generation highlights the significant, positive impact of the in-
struction fine-tuning process on the performance of all models.

Automatic Metrics (MCQ)

Table summarizes the ROUGE scores for MC(Q generation. The results reveal sub-
stantial improvements across all models following fine-tuning. The base Llama-2 models
(7B and 13B) exhibit very low ROUGE scores (ROUGE-L below 5). This indicates
a significant divergence from the reference MCQs and suggests that these models are
largely unable to reliably perform the task off-the-shelf in the Turkish context. After
fine-tuning, their performance increases markedly. The Llama-2-13b model, in particular,
shows a dramatic improvement, with ROUGE-L increasing nearly five-fold from 4.28 to
19.75. GPT-3.5-Turbo begins with a considerably stronger baseline (ROUGE-L 21.38),
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Group Model Name # Params ROUGE-1 ROUGE-2 ROUGE-L
LLAMA2-CHAT 7B 4.71 1.42 3.88

Base LLMs LLAMA2-CHAT 13B 5.33 1.73 4.28
GPT-3.5 TURBO - 27.53 13.18 21.38
LLAMA2-CHAT 7B 17.33 2.88 12.11

Finetuned LLMs LLAMA2-CHAT 13B 24.34 11.44 19.75
GPT-3.5 TURBO - 36.64 20.36 28.82

Table 8.1: MCQ generation results: ROUGE score comparison before and after fine-
tuning on Turkish-Quiz-Instruct. Fine-tuning delivers substantial gains across all models.

reflecting its higher capacity. However, it still benefits significantly from the task-specific
fine-tuning, achieving the highest overall scores (ROUGE-L 28.82).
Human Evaluation (MCQ)

The human evaluation results, visualized in Figure provide a more nuanced under-
standing of the qualitative improvements, corroborating the automatic metrics. The dis-
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Figure 8.7: Human evaluation (A-E) for MCQs before and after fine-tuning. Base Llama-
2 models predominantly generate E-rated (unusable) items. Post-tuning, there is a strong
shift toward A-rated (high-quality) items for all models.

parity between the base and fine-tuned models is stark. Before fine-tuning, both Llama-2-
7b and Llama-2-13b struggled profoundly with the task. A vast majority of their outputs
were categorized as RATING-E (unusable). This indicates a fundamental failure to ad-
here to the task requirements, the required format, or the linguistic constraints of Turkish
QG. After fine-tuning on Turkish-Quiz-Instruct, these models demonstrate a remarkable
transformation. The frequency of E-rated items drops dramatically, replaced by a sub-
stantial increase in A-rated (high-quality) items. The Llama-2-13b model, benefiting
from its larger capacity, shows a particularly strong capability for generating high-quality
MCQs post-tuning, emerging as a viable open-source tool. GPT-3.5-Turbo also exhibits
marked improvement. While the base model generated a heterogeneous mix of quality
levels, the fine-tuned version shows a significant concentration of A-rated items, confirm-
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ing its superior performance in generating reliable, well-formed, and pedagogically sound
MCQs.

8.4.3 Short-Answer Question (SAQ) Generation Results

The evaluation of SAQ generation reveals even more dramatic gains, particularly for the
open-source models, suggesting that this format may be more amenable to the distillation
process.

Automatic Metrics (SAQ)

Table summarizes the ROUGE scores for SAQ generation. The improvements ob-
served here are significantly larger in magnitude than those for MCQs. The base Llama-2

Group Model Name # Params ROUGE-1 ROUGE-2 ROUGE-L
LLAMA2-CHAT 7B 3.31 1.04 2.86

Base LLMs LLAMA2-CHAT 13B 3.81 1.33 3.22
GPT-3.5 TURBO - 28.19 15.87 22.22
LLAMA2-CHAT 7B 54.37 47.33 49.01

Finetuned LLMs LLAMA2-CHAT 13B 52.99 46.88 49.54
GPT-3.5 TURBO - 45.31 31.59 40.32

Table 8.2: SAQ generation results: ROUGE score comparison before and after fine-tuning.

The gains for Llama-2 models are transformative, moving from near-zero performance to
high ROUGE scores.

models were essentially incapable of generating coherent SAQs, with ROUGE-L scores
near 3. Post-fine-tuning, their performance skyrockets, with both 7B and 13B mod-
els achieving ROUGE-L scores near 49. This represents a transformative improvement,
highlighting the exceptional effectiveness of the distillation approach for this specific task
format. Interestingly, the fine-tuned Llama-2 models significantly outperform the fine-
tuned GPT-3.5-Turbo in terms of ROUGE overlap for SAQ generation, suggesting they
adhere more closely to the reference style in this format.

Human Evaluation (SAQ)

The human evaluation results for SAQs, shown in Figure [8.8] strongly mirror the trends
observed in the automatic metrics. Before fine-tuning, the failure of the base Llama-
2 models was absolute: all generated questions were rated as RATING-E, confirming
their inability to generate acceptable Turkish short-answer questions off-the-shelf. After
fine-tuning, there is a dramatic reversal, with the vast majority of outputs now rated
as RATING-A. Both Llama-2-13b and Llama-2-7b demonstrate excellent performance,
validating their utility. GPT-3.5-Turbo also shows significant improvement, with a large
increase in A-rated items. The overall results underscore the resounding success of the
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Figure 8.8: Human evaluation (A-E) for SAQs before and after fine-tuning. Base Llama-
2 models fail completely (all E-rated). Fine-tuned Llama-2 and GPT-3.5-Turbo models
show large quality gains, dominated by A-rated items.

methodology in creating specialized models capable of high-quality SAQ generation in a
low-resource language context.

8.4.4 Analysis and Discussion

The experimental results provide compelling validation for the “From Language to Learn-
ing” framework applied to Turkish QG. Several key observations emerge from the ana-
lysis.

The stark contrast between the performance of the base and fine-tuned Llama-2 mod-
els—particularly their complete failure in the base configuration—underscores the neces-
sity of task-specific fine-tuning for specialized applications in morphologically complex
languages. General-purpose instruction tuning, while powerful, is insufficient to ensure
adherence to the specific constraints, formats, and linguistic nuances required for educa-
tional QG in Turkish.

The high quality of the Turkish-Quiz-Instruct dataset, derived from the GPT-4-Turbo
teacher model, enables highly effective knowledge distillation. The student models suc-
cessfully learn to replicate the structure, style, and quality of the seed data, demonstrating
the viability of using synthetic data for complex educational tasks.

The gains in performance were notably more dramatic for SAQs than for MCQs, especially
for the Llama-2 models. This suggests that SAQ generation, which requires precision in
formulating the question and identifying the correct answer, might be a more tractable
task for fine-tuned models than MCQ generation. MCQ generation involves the com-
plex and nuanced sub-task of generating plausible distractors, which remains a significant
challenge even for advanced models.

While the fine-tuned GPT-3.5-Turbo generally achieves high quality, the remarkable per-
formance of the fine-tuned Llama-2-13b model is particularly significant. It emerges as
a strong, open-source alternative, demonstrating the potential to democratize access to
high-quality educational tools without reliance on costly proprietary APIs.
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8.5 Conclusion

This chapter presented a complete, end-to-end framework for automating the generation
of educational quizzes in Turkish under the “From Language to Learning” paradigm. By
introducing the Turkish-Quiz-Instruct dataset and applying a rigorous two-stage distilla-
tion workflow, we specialized open-source LLMs for a morphologically complex setting.
In summary, we developed a robust pipeline that transforms Turkish instructional pas-
sages into structured MCQs and SAQs while enforcing pedagogical quality through struc-
tured prompting and validation (Figures ?7?). We released Turkish-Quiz-Instruct,
a high-quality Turkish seed dataset that enables effective specialization for item writ-
ing across diverse academic subjects (Figure ??(a)). We showed that instruction fine-
tuning yields substantial, consistent gains over prompt-only baselines, turning open mod-
els such as Llama-2 7B/13B from unusable to highly effective on both MCQs and SAQs
(Tables [8.1H8.2). Rigorous human evaluation confirmed marked improvements in item
quality after tuning, establishing the pedagogical viability and reliability of the generated
content (Figures [8.78.8). We further demonstrated that prompt templates encoding
assessment best practices reduce invalid items and stabilize outputs, a particularly im-
portant property for Turkish. Finally, we offered a modular, generalizable blueprint that
scales to other low-resource, morphologically rich languages, advancing automated assess-
ment and contributing to educational equity.






Chapter 9

Persian Multiple-Choice Question
Generation: Data, Models, and Evidence

9.1 Motivation and Scope

Multiple-Choice Questions (MCQs) are central to retrieval practice and scalable as-
sessment, yet authoring high-quality items—especially plausible distractors—is slow and
expertise-intensive. In Iranian Persian, this bottleneck is amplified by low-resource con-
ditions: scarce paired corpora of texts and expert items, limited language-specific tools
and benchmarks, and linguistic particulars (flexible SOV word order, Perso—Arabic script
and punctuation, and rich, idiomatic vocabulary). General-purpose, Anglophone-trained
models often struggle to produce grammatical, culturally appropriate questions and dis-
tractors under these constraints.

This work proposes a principled, end-to-end methodology for automatically generating
high-quality MCQs from standard Iranian Persian texts. Given an educational passage,
the system produces a clear stem, one unambiguous key, and three plausible distractors,
with outputs constrained by linguistic correctness, content fidelity, assessment best prac-
tices, and overall appropriateness. Our contribution is a scalable, replicable blueprint for
automated assessment in a low-resource setting, built on three pillars:

e PersianMCQ-Instruct: a novel dataset of >12,000 MCQs from >4,000 Persian Wiki-

pedia passages for training and evaluation.

o A three-stage prompt cascade (Text Augmentation — MCQ Generation — MCQ
Refinement) using a teacher model (GPT-4o).

¢ Fine-tuning compact, open-source student models (7-9B)—PMCQ-Llama3.1-8b,
PMCQ-Gemma2-9b, and PMCQ-Mistral-7Tb—to enable reliable Persian MCQ
generation on commodity hardware.

Through automatic and human evaluations, we show that this approach reduces authoring
cost while meeting the above constraints, establishing a practical path for Persian—and
a template for other low-resource languages.

9.2 A Three-Stage Framework for Persian MCQ Gen-
eration

To address the challenge of automating Persian educational quiz generation, we devised
a structured, multi-step pipeline. This methodology leverages a systematic process to
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transform curated Persian content into a high-quality instructional dataset, which is then
used to specialize efficient language models for the target task. This section provides
a detailed account of this framework, covering content curation, the three-stage process
of synthesizing the instructional dataset, and the subsequent fine-tuning of the student
models.

9.2.1 Architectural Overview

The methodology follows a modular pipeline, as illustrated in It begins with
the systematic collection and preparation of raw educational content from Persian Wikipe-
dia. This curated content serves as the input for a three-stage generation cascade powered
by a large "teacher" model. The resulting high-quality dataset is then used to transfer
knowledge to smaller, more efficient "student" models through instruction fine-tuning.
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Figure 9.1: The end-to-end methodology for Persian MCQ generation. The process in-
cludes: (a) Data collection from popular Persian Wikipedia pages; (b) Data refinement
and filtering to ensure quality; (¢) The design of specialized prompts for each stage; (d)
The three-stage generation cascade (text augmentation, MCQ generation, MCQ refine-
ment) using GPT-4o to produce the seed dataset; and (e) The fine-tuning of smaller
language models using the generated dataset.

9.2.2 Dataset Generation (PersianMCQ-Instruct)

The first and most foundational stage is the creation of the PersianMCQ-Instruct data-
set. This process relies on harnessing the advanced capabilities of a powerful teacher LLM
(GPT-40) through meticulous data preparation and a sophisticated, multi-stage prompt-
ing strategy inspired by the Agent Instruct framework.

Content Ingestion and Preparation The basis of the dataset is a broad collection
of Persian texts sourced from high-quality Persian Wikipedia pages, chosen to ensure di-
verse topical coverage across academic disciplines like mathematics, history, biology, and
literature.
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Data Scraping and Curation. The information extraction process began with a fo-
cused crawl of curated Wikipedia lists, such as "Featured articles," "Good articles," and
"Vital articles". This strategy ensures that the source material is well-regarded, factually
vetted, and generally aligned with educational content standards. The initial crawl yiel-
ded a corpus of 8,894 unique pages.

Data Cleaning and Filtering. To ensure the integrity and utility of the source material,
a rigorous data cleaning protocol was implemented . First, pages containing
fewer than 100 words were removed, as they typically lack sufficient conceptual depth to
generate meaningful MCQs. To manage computational resources and standardize context
length during the generation phase, passages were capped at a maximum of 500 words.
Additionally, a manual review process was conducted to identify and filter out pages with
sensitive content, aligning the dataset with ethical considerations. This multi-step filter-
ing process resulted in a final, high-quality corpus of 4,159 curated passages ready for
question generation.

The Three-Stage Prompt Cascade for Quality Control

A key innovation of our methodology is the use of a three-stage prompt cascade to guide

the teacher model toward producing pedagogically sound MCQs ([Figure 9.1f). This ap-
proach breaks down the complex task of question generation into three manageable and
distinct steps, with each step building upon the output of the previous one. The prompts

for each stage are shown in [Figure 9.2

(a) Text augmentation Prompt (b) MCQ generation Prompt (c) MCQ refinement Prompt

Figure 9.2: The three-stage prompt cascade used for generating the PersianMCQ-Instruct
dataset. (a) The Text Augmentation prompt reframes the source text. (b) The MCQ
Generation prompt creates an initial draft of the questions. (¢) The MCQ Refinement
prompt increases complexity and ensures pedagogical quality.

Step 1: Text Augmentation. The first prompt instructs the model to transform
the raw Wikipedia text into a well-structured, argumentative passage. This step serves
two critical purposes: it forces the model to synthesize and rephrase the key information
rather than relying on simple extraction, and it produces a more coherent and focused



112 9. Persian Multiple-Choice Question Generation: Data, Models, and FEvidence

text from which to generate questions. This process enhances data quality and is partic-
ularly valuable for preparing texts in low-resource languages for downstream tasks.
Step 2: MCQ Generation. Using the augmented text from the first step, the second
prompt guides the model to generate an initial set of three MCQs. This prompt specifies
the required structure: a question stem, four answer choices (one correct and three dis-
tractors), and clear labeling of the correct answer. It provides explicit rules to ensure the
questions are clear, relevant, and directly answerable from the text.

Step 3: MCQ Refinement. The final prompt takes the augmented text and the ini-
tially generated MCQs as input and instructs the model to refine them. This crucial
step focuses on increasing the pedagogical value of the questions by making them more
complex and challenging. The prompt guides the model to create more nuanced distract-
ors, incorporate common misconceptions, and ensure the final questions require deeper
understanding rather than simple fact retrieval. Seed Dataset Synthesis Using this
three-stage cascade, the teacher model (GPT-40) was employed to autonomously generate
three distinct MCQs for each of the 4,159 passages, resulting in a comprehensive dataset
of over 12,000 question-answer pairs. GPT-40 was selected for its superior performance in
natural language understanding and its ability to adhere to complex, multi-step instruc-
tions, which was essential for executing the prompt cascade effectively. The resulting
PersianMCQ-Instruct dataset forms the core of our contribution, providing a rich source
of structured supervision data.

9.2.3 Instruction Fine-Tuning and Knowledge Distillation

In the second stage, the synthetically generated PersianMCQ-Instruct dataset serves as
the training corpus to fine-tune smaller, more accessible "student" models. This know-
ledge distillation process effectively transfers the specialized persian MCQ generation
capabilities of the powerful but resource-intensive teacher model to the student models,
significantly enhancing their ability to produce high-quality Persian quizzes in an efficient
manner.

Model Selection We selected three state-of-the-art, instruction-tuned LLMs known for
their strong performance and multilingual capabilities, gemma2-9b-it [?], Llama3.1-
8b-Instruct [126] and Mistral-7b-Instruct-v0.3 .[127]

These models were chosen because they represent a range of modern architectures, are of
a manageable size (7B to 9B parameters), and have demonstrated comprehensive support
for non-English languages, including Persian.

Fine-Tuning Methodology The fine-tuning process was designed to meticulously ad-
apt these base models for the specific task of generating MCQs from Persian educational
texts. The dataset was partitioned into a training set of 12,000 MCQs and an evaluation
set of 476 MCQs.

Parameter-Efficient Fine-Tuning (PEFT). Given the significant computational re-
sources required for full fine-tuning, we employed Low-Rank Adaptation (LoRA) [I21]
, a prominent PEFT [120] technique. LoRA freezes the pre-trained model weights and
injects smaller, trainable low-rank matrices into the Transformer architecture. This ap-
proach drastically reduces the number of trainable parameters, making the fine-tuning
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process computationally efficient while achieving performance comparable to full fine-
tuning.

Training Configuration. The models were trained on two NVIDIA A6000 GPUs, each
with 48 GB of RAM. The training was conducted for 3 epochs with a maximum sequence
length of 3500 tokens. Key hyperparameters included a learning rate of 1 x 10™% with
a cosine scheduler, a weight decay of 1 x 10™%, and a batch size of 4 with 4 steps of
gradient accumulation. To optimize memory usage, we enabled gradient checkpointing
and FlashAttention. For LoRA, we used a rank (r) of 16 and an alpha («) of 32. The
entire process was orchestrated using DeepSpeed to enhance computational efficiency and
scalability.

This meticulous fine-tuning strategy ensured that the student models were effectively
specialized for the nuances of Persian MCQ generation, transforming them from general-
purpose assistants into reliable educational tools.

9.3 The PersianMCQ-Instruct Dataset

The cornerstone of this research is the PersianMCQ-Instruct dataset, a novel and large-
scale collection of Persian educational texts paired with structured, high-quality MCQs.
This dataset is a primary contribution of our work, addressing the critical scarcity of
resources for Persian educational NLP and providing a robust foundation for the devel-
opment and evaluation of QG models.

9.3.1 Dataset Characteristics and Statistics

The dataset consists of 4,159 unique passages sourced from Persian Wikipedia, each ac-
companied by three generated MCQs, for a total of over 12,000 questions. The content
spans a wide range of academic disciplines, ensuring broad topical coverage.

Word Distribution and Context Length: Understanding the length distributions of
the source passages and the generated quizzes is crucial for optimizing model training,
especially for setting appropriate context window sizes and planning for computational
resources. visualizes the word distributions for both the educational contexts
and the generated MCQs.

The source passages (top panel) show a distribution concentrated between 100 and 500
words, consistent with our filtering criteria. This range provides sufficient context for gen-
erating meaningful questions without being computationally prohibitive. The generated
MCQs (bottom panel) are significantly more concise, with most falling between 40 and
80 words. This indicates that the generation process successfully distills key information
into focused questions, a desirable characteristic for reducing cognitive load on learners.

Quality Validation of the Seed Data: The success of the knowledge distillation
process is fundamentally dependent on the quality of the synthetic dataset. Flaws or biases
in the seed data risk being learned and amplified by the student models. Therefore, we
conducted a rigorous human evaluation to assess the quality of the seed items generated
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Figure 9.3: Word distributions for the source contexts (top) and the generated MCQs
(bottom) in the PersianMCQ-Instruct dataset. The contexts range from 100 to 500 words,
while the generated questions are more concise, reflecting effective summarization and
question formulation.

by the teacher model (GPT-40).

Human Evaluation Protocol: A random sample of 600 generated MCQs was evaluated
by a panel of two native Persian speakers, both of whom are postgraduate university
students with the expertise to assess linguistic quality and educational relevance. To
measure inter-annotator agreement, 200 of these questions were evaluated by both experts.
The evaluation utilized a comprehensive five-point rating scale (A-E), designed to capture
multiple dimensions of question quality:

« RATING-A (Excellent): The question and answer are factually accurate, dir-
ectly relevant to significant concepts in the text, grammatically flawless, and unam-
biguous.

e RATING-B (Good): The question is mostly factual and relevant but may have
minor grammatical issues, be slightly incomplete, or fail to explicitly identify the
correct answer.

e RATING-C (Acceptable): The question is loosely related to the text, addresses
tangential topics, or has serious grammatical issues. The answer may be incorrect.

o« RATING-D (Poor): The question or answer contains factual inaccuracies or is
only minimally relevant to the source text.

e RATING-E (Unusable): The question or answer was not generated, is demon-
strably wrong or misleading, or has no clear connection to the text.

Seed Data Quality Results: The results of the human evaluation, presented in
affirm the exceptionally high quality of the seed dataset. An impressive 86.8%
of the generated items received a rating of A (Excellent). The proportion of low-quality
items was minimal, with only 3.2% rated D and 0.3% rated E. This result confirms the
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effectiveness of our three-stage prompt cascade and the capability of the teacher model to
produce high-fidelity, educationally valuable content in Persian. The annotators achieved
a high agreement rate of 0.96, with a Cohen’s kappa of 0.86, indicating a reliable and
consistent evaluation process.

Distribution of Ratings
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Figure 9.4: Distribution of human ratings (A-E) for the MCQs in the PersianMCQ-
Instruct dataset. The overwhelming majority (86.8%) of the generated questions were
rated as 'A’ (Excellent), validating the high quality of the seed data.

9.4 Experimental Validation

This section details the comprehensive experimental validation of our methodology. We
rigorously evaluate the performance of the fine-tuned student models against their base
versions, employing a dual approach that combines automatic metrics for measuring se-
mantic similarity and in-depth human evaluation for assessing pedagogical quality.

9.4.1 Experimental Setup

Models: We evaluate three models—gemma2-9b-it, Llama3.1-8b-Instruct, [126] and
Mistral-7b-Instruct-v0.3—in two configurations: base (off-the-shelf, before fine-tuning)
and fine-tuned (after fine-tuning on PersianMCQ-Instruct). This direct comparison al-
lows for a precise measurement of the performance gains attributable to our distillation
process.

Data Splits: The experiments utilize the dedicated evaluation split of our dataset, which
consists of 476 MCQs from 159 held-out passages that were not seen during the training
phase.

Automatic Evaluation: We use ROUGE and BERTScore [I128] to compare the gener-
ated questions against the reference questions in the evaluation set. ROUGE measures
n-gram overlap, which is useful for gauging lexical similarity. However, because high-
quality questions often involve paraphrasing, ROUGE scores can be misleadingly low.
Therefore, we also employ BERTScore, which measures semantic similarity and provides
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a more robust assessment of whether the generated question captures the same meaning
as the reference.

Human Evaluation: To overcome the limitations of automatic metrics, we conducted
a second comprehensive human evaluation. Using the same five-level rating scale (A-E),
our expert annotators evaluated the outputs of all models, both before and after fine-
tuning. This allowed us to directly compare the qualitative and pedagogical value of the
generated MCQs.

9.4.2 MCQ Generation Results

The evaluation of MCQ generation reveals the profound and positive impact of the in-
struction fine-tuning process across all three models.

Automatic Metrics: We first assessed the quality of the seed dataset itself. As shown
in the ROUGE scores between the generated questions and the source text
are very low (e.g., ROUGE-L F1 of 0.0226), while the BERTScore is very high (F1 of
0.8929). This pattern is desirable, as it indicates the model is successfully paraphrasing
and abstracting information from the source text rather than simply copying it.

Metric Precision Recall F1

ROUGE-1 0.0167 0.0690  0.0238
ROUGE-2 0.0060 0.0246  0.0084
ROUGE-L 0.0158 0.0667  0.0226

BERTScore 0.8886 0.8976  0.8929

Table 9.1: Average ROUGE and BERTScore between generated MCQs and their source
context in the PersianMCQ-Instruct dataset. The combination of low ROUGE and high
BERTScore confirms that the questions are paraphrastic yet semantically faithful to the
source material.

Next, we compared the BERTScores of the student models’ outputs against the ref-
erence questions before and after fine-tuning. As summarized in fine-tuning
led to consistent improvements across all models. The fine-tuned PMCQ-Llama3.1-8b
achieved the highest BERTScore F1 of 0.9049, indicating a strong semantic alignment
with the high-quality reference questions from our dataset.

Human Evaluation

The human evaluation results, visualized in provide a much clearer picture of
the qualitative improvements. The contrast between the base and fine-tuned models is
dramatic.

¢« Base Model Performance: Before fine-tuning, the models struggled significantly.
The base Mistral-7b-Instruct-v0.3 was almost completely unable to perform the
task, with a staggering 83.5% of its outputs rated as E (Unusable). The base
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Model Name Precision Recall F1
gemma2-9b-it 9 0.9004 0.8754 0.8877
Base Llama8. 1-8b-Instruct 8 0.8992 0.8630 0.8807
Mistral-7b-Instruct-v0.8 7 0.8852 0.8631 0.8740
PMCQ-Gemma2-9b 9 0.9108 0.8956 0.9031
Fine-tuned PMCQ-Llama3.1-8b 8 0.9135 0.8964 0.9049
PMCQ-Mistral-7b 7 0.9117 0.8959 0.9037

Table 9.2: BERTScores between questions generated by student models and reference

questions from the evaluation set. Fine-tuning consistently improves semantic similarity

for all models, demonstrating effective knowledge transfer.

Liama3.1-8b-Instruct produced a majority of B-rated items (64.5%), indicating that

while its outputs were mostly factual, they were plagued by grammatical errors and

an inability to correctly label answers. None of the base Llama or Mistral models

produced a single A-rated question.

¢ Post-Fine-Tuning Transformation: After fine-tuning on PersianMCQ-Instruct,

the models underwent a remarkable transformation. The frequency of unusable E-
rated items plummeted, replaced by a surge in high-quality A-rated items. PMCQ-
Llama3.1-8b became the top performer, with 81.5% of its outputs rated A. PMCQ-
Mistral-7b also showed a massive improvement, with 70.5% of its outputs achieving
an A rating. This demonstrates that the fine-tuning process successfully taught the

models to generate accurate, relevant, and well-formed Persian MCQs.
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Figure 9.5: Human evaluation of base vs. fine-tuned models. The charts clearly show a
dramatic shift away from low-quality ratings (especially E for Mistral) toward high-quality
A ratings after fine-tuning, validating the effectiveness of the PersianMCQ-Instruct data-

set.

The overall ratings, calculated by mapping the A-E scale to a 5-1 score, are sum-
marized in The fine-tuned PMCQ-Llama3.1-8b achieved an impressive overall
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score of 4.51, approaching the near-perfect score of 4.75 of the seed dataset itself and far
surpassing its base score of 3.31.

Model Overall Rating
Base gemma2-9b-it 2.72
Base Llama8.1-8b-Instruct 3.31
Base Mistral-7b-Instruct-v0.3 1.30
Fine-tuned PMCQ-Gemma2-9b 2.78
Fine-tuned PMCQ-Llama3.1-8b 4.51
Fine-tuned PMCQ-Mistral-7b 4.32
Reference PersianMCQ-Instruct 4.75

Table 9.3: Overall human ratings based on a 5-point scale (A=5, E=1). The fine-tuned
models, particularly Llama and Mistral, show massive improvements, confirming the high
quality and effectiveness of the training dataset.

9.5 Analysis and Discussion

The experimental results provide compelling validation for our methodology and yield
several key insights into automated question generation for low-resource languages like
Persian.

The Absolute Necessity of Task-Specific Fine-Tuning. The starkest finding is the
profound inadequacy of general-purpose, off-the-shelf models for this specialized task. The
near-total failure of the base Mistral model (83.5% unusable outputs) and the significant
flaws of the base Llama model underscore that even powerful instruction-tuned LLMs
cannot reliably adhere to the specific formatting, linguistic, and pedagogical constraints
of Persian MCQ generation without targeted training. Fine-tuning is not merely an
enhancement but an absolute necessity.

Efficacy of the Synthetic Data and Distillation Approach. The dramatic per-
formance improvements post-fine-tuning serve as strong evidence for the quality of the
PersianMCQ-Instruct dataset. The ability of this synthetically generated data to success-
fully distill the complex task of question generation into smaller, efficient models validates
our entire approach. It demonstrates that high-quality, large-scale datasets for specialized
tasks can be bootstrapped using powerful teacher models, overcoming the data scarcity
bottleneck.

Model-Specific Behaviors and Error Modes. Before fine-tuning, each model ex-
hibited unique failure patterns. Mistral often failed to generate anything coherent. Liama
struggled with grammatical correctness and labeling answers. Gemma had a tendency to
insert English words into its answers when non-Persian words were present in the source
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text and to bold keywords without being prompted. Fine-tuning resolved most of these
issues, especially for Llama and Mistral, which learned to correctly follow the format
and generate fluent Persian. However, the fine-tuned Gemma model still struggled with
non-Persian words and produced a high rate of E-rated outputs (38.0%), suggesting it
was less adaptable to this specific task.

Quality vs. Complexity Trade-off. An interesting observation is that while the fine-
tuned models became highly accurate and reliable, their generated questions were often
less complex and more extractive than the comprehension-based questions in the original
PersianMCQ-Instruct dataset. The teacher model, guided by the refinement prompt,
produced questions requiring deeper analysis. The student models, in contrast, learned
the format and style but tended to generate questions that were more closely aligned
with sentences from the source text. This highlights a trade-off between the reliability
of smaller models and the nuanced, higher-order reasoning capabilities of larger teacher
models.

9.6 Conclusion

This chapter presented a comprehensive, end-to-end framework for automating the gen-
eration of high-quality educational MCQs in Persian. By developing the PersianMCQ-
Instruct dataset through a three-stage prompt cascade and leveraging it to fine-tune com-
pact language models, we deliver a scalable solution to a key challenge in a low-resource
language context.

The main contributions are as follows. First, we designed and validated a pipeline that
transforms raw Persian text into pedagogically sound MCQs via a structured, multi-stage
generation process with explicit quality controls. Second, we built PersianMCQ-Instruct,
a large-scale resource with 12,000+ items and an 86.8% A-rating, which we expect to
catalyze progress in Persian educational NLP. Third, we showed that task-specific in-
struction fine-tuning is essential for this task: open-source models such as Llama-2 and
Mistral improved from nearly unusable to highly effective, with the fine-tuned PMCQ-
Llama3.1-8b reaching an 81.5% A-rating in human evaluations. Finally, the methodology
offers a transferable blueprint for automated assessment generation in other low-resource
and linguistically diverse settings, advancing educational equity.

Several limitations remain. The source is Persian Wikipedia, whose encyclopedic style
may not transfer to textbooks, literary analysis, or conversation. The system prioritizes
fact-based questions and struggles with multi-hop or cross-passage reasoning. Human
evaluation covered a small sample; scaling is costly and slow, and automatic metrics
(e.g., BERTScore) miss pedagogical qualities like distractor plausibility and clarity. And
while PEFT helps, training/serving 7-9B models still requires specialized GPUs, limiting
under-resourced adopters and underscoring the need for further compression/optimiza-
tion.

To address these constraints, we outline several directions for future work. We plan
to diversify data sources by incorporating domain-focused educational materials (e.g.,
mathematics, physics, history) from textbooks and academic articles to improve domain
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adaptability. We aim to control question difficulty and cognitive level, aligning with
Bloom’s taxonomy (recall, analysis, synthesis) and exploring psychometric calibration via
Item Response Theory. We will pursue stronger distractor generation methods that ex-
plicitly target common misconceptions, potentially via dedicated models optimized for
this sub-task. Lastly, we intend to extend the blueprint to other low-resource languages,
broadening the impact and accessibility of educational technology.
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Chapter 10

Automating Syntax Feedback for Student
Writing

10.1 Motivation and Scope

Mastering English syntax—an intricate, exception-laden rule system—remains challen-
ging for both second-language learners and native speakers. Traditional instruction
provides foundations but rarely scales to deliver timely, personalized, line-level feedback,
creating a persistent bottleneck in writing instruction. Advances in AT and NLP, particu-
larly Large Language Models (LLMs), offer a path to scalable, adaptive support capable
of precise error detection and correction without replacing educators; instead, they free
instructors to focus on higher-order concerns such as argumentation and style.

This chapter presents an end-to-end methodology for automatically generating high-
quality, structured syntax feedback on authentic student essays. A central real-world
constraint is privacy: widely used educational corpora (e.g., ASAP) replace personally
identifiable information with anonymized placeholders (e.g., @ERSON1), which LLMs of-
ten misread as syntactic noise, degrading feedback quality. Our pipeline therefore begins
with an LLM-based placeholder replacement step that maps anonymized tokens to con-
textually plausible surrogates, preserving privacy while restoring linguistic naturalness.
Building on this, we introduce and release Essay-Syntaz-Instruct, a large-scale resource
of 8,320 essay—feedback pairs with expert-validated, category-structured annotations. Fi-
nally, we demonstrate a knowledge-distillation framework: a strong teacher model (GPT-
3.5-Turbo) seeds the dataset and supervises fine-tuning of smaller, open-source student
models (Llama-2 and Mistral variants), improving deployability and cost-efficiency.
Across automatic and human evaluations, the system produces linguistically correct, con-
textually relevant, and pedagogically actionable feedback. In sum, this work defines the
problem, motivates automation grounded in real classroom constraints, and delivers a
scalable, privacy-aware pipeline and dataset that advance automated syntax support.

10.2 A Framework for Automated Syntax Feedback
Generation

To address the multifaceted challenge of automating syntax feedback, we designed a sys-
tematic, multi-stage pipeline. This framework is engineered to transform raw, anonym-
ized student essays into high-quality, structured feedback by leveraging a powerful teacher
LLM to create a supervision dataset, which is then used to specialize more efficient stu-
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dent models. This section provides a detailed overview of the architectural design and
the core stages of the methodology: synthetic data generation and knowledge distillation
through instruction fine-tuning.

10.2.1 Architectural Overview

The end-to-end methodology follows a structured pipeline, as illustrated in Figure ??. The
process commences with the ingestion of authentic student essays from the ASAP corpus[ﬂ
It then proceeds through a series of carefully orchestrated steps: a critical data refinement
stage that includes our novel placeholder replacement technique, a sophisticated prompt
engineering phase to define the structure of the feedback, the synthesis of the seed dataset
using the teacher model, and finally, the fine-tuning of the student LLMs to imbue them
with the specialized feedback-generation capability.

ASAP

! Filtering and § a i Craft the i Feedback )
Dataset —> —p m—fp: Train LLMs

= Cleaning Data j : prompt Generation

& ® | © ’ &) ©

Figure 10.1: The end-to-end methodological pipeline: (a) ingestion of human-authored
essays from the ASAP dataset [IL 2]; (b) data cleaning and our novel placeholder re-
placement process; (c) crafting of a specialized prompt to elicit category-structured syn-
tax feedback; (d) synthesis of the seed dataset (FEssay-Syntaz-Instruct) using a powerful
teacher LLM; (e) instruction fine-tuning of accessible student LLMs for reliable and scal-
able feedback generation.

10.2.2 Data Generation (Essay-Syntaz-Instruct)

The cornerstone of our framework is the creation of a high-quality, large-scale instruc-
tional dataset, which we have named Essay-Syntaz-Instruct. This critical first stage relies
on the advanced capabilities of a powerful "teacher" LLM (GPT-3.5-Turbo) guided by
meticulous data preparation and sophisticated prompt engineering.

Content Ingestion and Preparation: The foundation of our dataset is the well-
established ASAP (Automated Student Assessment Prize) dataset, a resource frequently
employed in AES research. This corpus comprises a diverse collection of essays authored
by students in Grades 7 through 10, responding to eight distinct prompts. The essays
vary in length and style, ranging from narratives to source-dependent responses, provid-
ing a rich and authentic representation of student writing.

A significant feature of the ASAP dataset is its comprehensive anonymization. To protect
student privacy, the original essays were processed using tools like the Stanford Named
Entity Recognizer (NER) [129] replace identifiable information—such as names, locations,
dates, and organizations—with generic placeholders (e.g., @ERSON1, GORGANIZATION2).
As previously noted, these placeholders disrupt the natural flow of the text and are often

Lhttps://www.kaggle.com/datasets/lburleigh /asap-2-0
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misinterpreted as errors by LLMs.

To overcome this, we implemented a novel placeholder replacement sub-step. We engin-
eered a specific prompt, shown in Figure[10.2] instructing GPT-3.5-Turbo [122] to identify
all placeholders and substitute them with contextually coherent and plausible alternatives
that seamlessly integrate into the essay’s narrative while remaining non-identifying. This
crucial process restored the linguistic integrity of the essays, making them suitable for
accurate syntactic analysis.

Your task entails identifying and substituting placeholders within the
text.

These placeholders are denoted by an '@' symbol followed by uppercase
letters indicating various categories such as months, percentages,
locations, numbers, person names, and more. It's crucial to ensure that the
replacements seamlessly integrate into the text.

Ensure that all placeholders are detected and replaced with the appropriate
replacements.

To streamline the process, kindly furnish your replacements in JSON format.

The JSON should comprise pairs where each placeholder is associated with
its corresponding replacement word.

Text: {essay}

Figure 10.2: The structured prompt template used for the placeholder replacement task.
This prompt instructs the LLM to identify all anonymized placeholders and furnish re-
placements in a JSON format to ensure seamless and accurate substitution.

Prompt Engineering for Pedagogical Syntax Feedback: With the essays re-
stored to a natural linguistic state, the next step was to generate the syntax feedback
itself. The quality and structure of this feedback are paramount, as it forms the super-
vision signal for the student models. We designed a highly structured prompt, shown in
Figure to guide the teacher LLM (GPT-3.5-Turbo) in performing a detailed syn-
tactic analysis.

The prompt was meticulously crafted to enforce a consistent and pedagogically useful
output format based on seven specific categories of common syntactic errors:

1. Misspelled Words: Identifying and correcting spelling mistakes.

2. Conjunctions and Linking Phrases: Analyzing the correct use of connecting
words.

3. Modifiers: Checking for misplaced or dangling modifiers.
4. Prepositions: Evaluating the appropriate use of prepositions.

5. Modal Verbs: Assessing the correct application of modal verbs (e.g., can, should,
must).

6. Punctuation: Correcting errors in punctuation usage.

7. Articles: Reviewing the use of definite and indefinite articles (a, an, the).
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These categories were deliberately chosen as they encompass the majority of syntax-
related errors typically found in student writing, ensuring the generated feedback would
be comprehensive and relevant. The prompt explicitly instructs the model to list errors
and their corrections for each category or to state "N/A" if no errors are found, ensuring
a complete and parsable output.

Figure 10.3: The structured prompt template used with the teacher LLM for generating
categorized syntax feedback. This prompt defines the seven analytical categories and
specifies the required output format.

Seed Dataset Synthesis: Using the refined essays and the engineered prompt, we
employed GPT-3.5-Turbo with a low temperature setting of 0.3 to ensure deterministic
and high-fidelity outputs. This process was scaled across the entire corpus to synthesize
the FEssay-Syntaz-Instruct dataset. After generation, we performed a final filtering step,
retaining only those essays with a word count between 100 and 700 to exclude outliers
that were either too short to provide meaningful context or excessively long. This resul-
ted in a final dataset of 8,320 high-quality examples, each comprising a student essay
paired with its corresponding structured syntax feedback.

10.2.3 Instruction Fine-Tuning and Knowledge Distillation

In the second stage of our methodology, the synthetically generated Essay-Syntax-Instruct
dataset serves as the training corpus to fine-tune smaller, more accessible "student" mod-
els. This knowledge distillation process effectively transfers the specialized syntax feed-
back generation capability from the large, proprietary teacher model to efficient, open-
source models, preparing them for practical deployment.

Model Selection: We selected three state-of-the-art, instruction-tuned LLMs known for
their strong performance and accessibility:

¢ Open-Source Models: Llama-2-7b-chat-hf and Llama-2-13b-chat-hf. These
models from Meta Al represent powerful, transparent, and widely used alternatives
to proprietary systems.
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¢ Open-Source Model: Mistral-7B-Instruct-v0.2. This model is renowned for
its exceptional performance at a compact size, making it a highly efficient choice.

These models were chosen to demonstrate that our framework can effectively enhance
capable open-source systems, thereby democratizing access to advanced educational tech-
nology.

Fine-Tuning Methodology: The fine-tuning process was designed to adapt these
general-purpose models into specialized experts for the task of generating syntax feed-
back. The dataset was partitioned into a training set of 8,020 examples and a held-out
test set of 300 examples.

Parameter-Efficient Fine-Tuning (PEFT): [120] To manage the significant computa-
tional cost associated with fully fine-tuning LLMs, we employed Low-Rank Adaptation
(LoRA). LoRA is a PEFT [120] technique that freezes the pre-trained model weights
and injects smaller, trainable low-rank matrices into the Transformer layers. This dra-
matically reduces the number of trainable parameters, making the fine-tuning process
computationally tractable while achieving performance comparable to full fine-tuning.
Training Configuration: The fine-tuning process was conducted using LoRA with a
rank (r) of 32 and an alpha («) of 64. The models were trained for three epochs with a
total batch size of 16 and an initial learning rate of 3 x 10~%, managed by a cosine sched-
uler with a warm-up ratio of 0.1. The entire training was executed on a server equipped
with dual NVIDIA A6000 GPUs, accelerated by DeepSpeed and FlashAttention 2 to op-
timize efficiency and throughput. This meticulous fine-tuning strategy ensured that the
student models were effectively specialized, transforming them into reliable and precise
tools for automated syntax feedback.

10.3 The FEssay-Syntax-Instruct Dataset

The cornerstone of this research is the Essay-Syntaz-Instruct dataset, a novel and com-
prehensive collection of authentic student essays paired with structured, synthetically
generated syntax feedback. This resource represents a significant contribution to the field
by addressing the critical scarcity of specialized data for developing and evaluating auto-
mated writing support tools.

10.3.1 Dataset Characteristics and Statistics

The final dataset consists of 8,320 examples, curated to ensure quality and relevance.
Each example contains a student-written essay (with placeholders replaced) and the cor-
responding seven-category syntax feedback generated by our pipeline.

Token Distribution and Capacity Planning: To understand the computational re-
quirements for processing our dataset, we analyzed the length distributions of the source
essays and the generated feedback. Figure visualizes these distributions, calculated
using the Llama-2 tokenizer. [123]
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The distribution for the source essays (top panel) shows a peak around 200 tokens but has
a long tail, reflecting the natural variation in student writing. The generated feedback
(bottom panel) is considerably more concise, with a strong peak below 500 tokens. This
analysis confirms that the models must be capable of handling moderately long contexts
and provides the empirical basis for optimizing training parameters to ensure efficiency.
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Figure 10.4: Token distributions for the source essays (top) and the generated syntax
feedback (bottom) within the FEssay-Syntaz-Instruct dataset. These distributions are
crucial for informing decisions about context window sizes and batching strategies during
model training and inference.

10.3.2 Quality Validation of the Seed Data

The success of our knowledge distillation approach is fundamentally contingent on the
quality of the synthetically generated seed dataset. If the teacher model produces flawed
feedback, these flaws will be learned and amplified by the student models. Consequently,
we conducted a rigorous human evaluation to validate the quality of the feedback gener-
ated by GPT-3.5-Turbo.

Human Evaluation Protocol: Due to the absence of a pre-existing gold-standard cor-
pus for this task, we adopted a qualitative evaluation approach. We randomly selected a
sample of 300 essay-feedback pairs from our synthesized dataset and had them evaluated
by a panel of linguistics experts. The experts used a comprehensive five-point rating scale
(A-E) to assess the pedagogical quality of the feedback:

e RATING-A (Exceptional): The feedback systematically identifies every error,
provides clear and accurate corrections, and demonstrates a profound understanding
of the text’s nuances.

« RATING-B (Robust): The feedback pinpoints most errors with correct articu-
lations and provides constructive criticism, though it might overlook minor issues.
It reflects strong engagement with the content.
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« RATING-C (Adequate): The feedback identifies a considerable number of errors
and offers appropriate corrections, but the suggestions could be more tailored to
enhance the text’s overall quality.

e RATING-D (Inconsistent): The feedback catches some errors but does so in-
consistently, and the suggestions lack the depth required to facilitate significant
improvement.

e RATING-E (Deficient): The feedback fails to identify the main errors, offers few
or no corrections, and does not contribute meaningfully to improving the text.

Seed Data Quality Results: The results of the human evaluation, depicted in
Figure affirm the high quality of our seed dataset. A remarkable 63.3% of the
feedback instances received a Rating B, and an additional 29.0% achieved a Rating
A. Combined, over 92% of the generated feedback was deemed robust or exceptional.
The proportion of low-quality items (D and E) was negligible, at less than 1%. This
result confirms that our sophisticated data preparation and prompt engineering strategy
was highly effective, yielding a seed dataset of sufficient quality to serve as a reliable
supervision signal for fine-tuning the student models.
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Figure 10.5: Human evaluation results for the seed feedback generated by the teacher
model (GPT-3.5-Turbo). The distribution is heavily skewed toward high-quality ratings
(A and B), validating the dataset’s suitability for fine-tuning.

Illustrative Example: To provide a concrete illustration of the system’s output,
Figure displays an example of an authentic student essay from the dataset alongside
the structured syntax feedback generated by one of our fine-tuned models. The example
showcases the model’s ability to identify specific errors across multiple categories and
provide precise, actionable corrections, demonstrating the practical utility of the gener-
ated feedback.
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Figure 10.6: An illustrative example from the dataset, showing (a) a sample student
essay and (b) the corresponding multi-category syntax feedback generated by a fine-tuned
model.

10.4 Experimental Validation

This section presents a comprehensive experimental validation of our proposed method-
ology. We rigorously evaluate the performance of the three fine-tuned student models
against their base versions to quantify the impact of our instruction-tuning process. The
evaluation employs a dual approach, combining automatic metrics to measure lexical over-
lap with in-depth human evaluation to assess the crucial dimension of pedagogical quality.

10.4.1 Experimental Setup

Models. We evaluated three distinct LLMs: Llama-2-7b-chat-hf, Llama-2-13b-chat-hf,
and Mistral-7B-Instruct. [I127] Each model was assessed in two configurations: its base
version (off-the-shelf, before fine-tuning) and its fine-tuned version (after training on
Essay-Syntaz-Instruct). This direct comparison allows for a precise measurement of the
performance gains attributable to our distillation process.

Data Splits: The experiments were conducted on the held-out evaluation set of 300 es-
says, which were not seen by any model during the training phase, ensuring an unbiased
assessment.

Automatic Metrics: We employed the standard ROUGE [125] metrics (ROUGE-1,
ROUGE-2, and ROUGE-L) to quantify the lexical overlap between the feedback gener-
ated by the student models and the reference feedback from the teacher model (GPT-3.5-
Turbo). While ROUGE scores are useful for measuring how closely the student models
mimic the style and wording of the teacher, we acknowledge their limitations. They can-
not fully capture semantic correctness, pedagogical value, or the quality of paraphrasing.
Therefore, they serve primarily as a proxy for assessing alignment with the target format.
Human Evaluation: To transcend the limitations of automatic metrics, we conducted
a comprehensive human evaluation. Two human raters, both master’s students in lin-
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guistics with relevant expertise, assessed the quality of the feedback generated by all six
model configurations (three base, three fine-tuned). They used the same rigorous five-
level rating scale (A—E) described previously to ensure consistency.

10.4.2 Feedback Generation Results

The experimental results demonstrate a clear and substantial improvement in performance
for all models after fine-tuning, as evidenced by both automatic and human evaluation
metrics.

Automatic Metrics: Table [[0.1] summarizes the ROUGE scores. The results reveal
a consistent and significant increase in scores across all three models after they were
fine-tuned on our dataset. The base models, particularly the Llama-2 variants, show
modest overlap with the reference texts. After fine-tuning, their ROUGE scores improve
dramatically. The fine-tuned Mistral-7B model achieved the highest scores, indicating the
strongest lexical alignment with the teacher model’s outputs. These gains suggest that
the fine-tuning process was highly effective at teaching the student models to adhere to
the desired structure and phrasing of the feedback.

Group Model Name # ROUGE-1 ROUGE-2 ROUGE-L
LLAMA2-CHAT 7B 0.351 0.185 0.146

Base LLMs LLAMA2-CHAT 13B 0.328 0.205 0.148
MISTRAL-INSTRUCT 7B 0.366 0.144 0.214
LLAMA2-CHAT 7B 0.477 0.337 0.343

Finetuned LLMs LLAMA2-CHAT 13B 0.476 0.340 0.347
MISTRAL-INSTRUCT 7B 0.514 0.375 0.369

Table 10.1: ROUGE score comparison before and after fine-tuning. The results show that
fine-tuning with the Essay-Syntaz-Instruct dataset delivers substantial gains in lexical
overlap across all models.

Human Evaluation: The human evaluation results, which assess the crucial dimen-
sion of pedagogical quality, provide even more compelling evidence of the success of our
methodology. The findings, detailed in Table show a dramatic and positive shift in
the quality of the generated feedback after fine-tuning.

The fine-tuned models demonstrate substantial improvements, achieving significantly
higher percentages of A and B ratings while simultaneously reducing the frequency of
poor D ratings. For instance, the fine-tuned Llama-2 13B model saw its proportion
of high-quality feedback (Ratings A + B) increase from just 13.00% to an impressive
64.33%. Concurrently, its poor quality feedback (Rating D) plummeted from 24.67% to
5.67%. Similarly, the fine-tuned Mistral model increased its A + B ratings from 14.33%
to 70.34%, while its D ratings fell from 43.33% to a mere 4.00%.

Qualitatively, the human evaluators noted that the base models often produced repetitive
errors, incorrectly highlighted correct words, or failed to adhere to the specified seven-
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category format. Fine-tuning significantly mitigated these issues, leading to feedback that
was more accurate, constructive, and reliable.

Rating Llama2 7B NF Llama2 7B F Llama2 13B NF Llama2 13B F Mistral 7B NF Mistral 7B F

A 1.00 2.67 2.00 4.33 4.00 4.67
B 24.67 44.67 11.00 60.00 10.33 65.67
C 34.33 48.00 56.00 24.67 22.67 22.33
D 39.67 1.67 24.67 5.67 43.33 4.00
E 0.33 3.00 6.33 5.33 19.67 3.33

Table 10.2: Percentage of human evaluation ratings for syntax feedback generated by base
(NF) and fine-tuned (F) models. Fine-tuning causes a dramatic shift from lower-quality
ratings (C, D) to higher-quality ones (A, B).

10.4.3 Analysis and Discussion

The experimental results provide compelling validation for our framework. Several key
observations emerge from the analysis. The Absolute Necessity of Fine-Tuning.
The stark performance gap between the base and fine-tuned models underscores the
necessity of task-specific adaptation. General-purpose instruction-tuned models, while
capable, are insufficient to reliably adhere to the specific constraints, format, and nu-
anced requirements of generating high-quality pedagogical feedback. Fine-tuning is not
merely beneficial; it is essential for transforming these models into effective educational
tools. Efficacy of the Knowledge Distillation Approach. The high quality of the
Essay-Syntaz-Instruct dataset, validated by human experts, enabled a highly effective
knowledge distillation process. The student models successfully learned to replicate the
structure, style, and analytical quality of the teacher model, demonstrating the viability
of using synthetically generated data for complex, specialized educational tasks. The
Critical Role of Data Pre-processing. The success of our pipeline was heavily de-
pendent on our novel placeholder replacement step. This highlights a broader principle:
applying LLMs to real-world data requires careful and domain-aware pre-processing to
handle artifacts that can otherwise derail model performance.

10.5 Conclusion

This chapter introduced an end-to-end framework for automating structured syntax feed-
back in student writing. Constraining generation to a predefined schema improved reliab-
ility and parsability; high-quality seed data from a strong teacher model enabled effective
distillation into smaller open-source models; and rigorous human evaluation remained
essential beyond automatic metrics. The approach negotiates quality—cost and preci-
sion—recall trade-offs by distilling from powerful models while calibrating model behavior
to instructional goals. In practice, it supports scalable, immediate feedback that aug-
ments teachers and enables data-informed instruction through aggregated error patterns.
Limitations include reliance on LLM-generated supervision, metric insufficiency for ped-
agogical adequacy, a focus limited to syntax, and uncertain generalization beyond ASAP
(Grades 7-10, fixed prompts). Looking ahead, promising directions include multilingual
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adaptation, deployment studies in authentic classrooms, comparative evaluations with
traditional methods, integration of newer LLMs, and a streamlined fine-tuning pipeline
for broader adoption. Together, the Essay-Syntaz-Instruct dataset, privacy-preserving
placeholder replacement, and instruction-tuned student models form a reusable blueprint
for building reliable, affordable, and pedagogically useful syntax-feedback systems.
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Chapter 11

Limitations

The "From Language to Learning" framework establishes a validated, scalable methodo-
logy for adapting general-purpose Large Language Models (LLMs) into specialized tools
for multilingual educational content generation. The empirical results across diverse
tasks—gamified learning, formal assessment, and writing assistance—and across typolo-
gically distinct languages—English, Italian, Arabic, Turkish, and Persian—demonstrate
the efficacy of the proposed two-stage distillation approach. However, achieving the grand
vision of truly personalized, equitable, and high-quality Al-driven education requires a
candid assessment of the framework’s current limitations. This chapter critically examines
the constraints and challenges inherent in the methodology, the data resources utilized,
the evaluation protocols employed, and the specific applications developed.

11.1 Methodological Limitations

The two-stage distillation process, while central to the framework’s scalability and effi-
ciency, introduces inherent methodological constraints.

11.1.1 Dependence on Teacher Model Capabilities

The foundational limitation of the distillation approach is its absolute reliance on the
capabilities of the "teacher' LLM used in Stage 1 (Synthetic Data Generation). The
quality ceiling of the generated Instruct datasets is determined by the teacher model’s
proficiency in the target language, its understanding of the pedagogical task, and its
ability to adhere to complex instructions.

¢ Quality Propagation: If the teacher model misunderstands a nuance in the source
text, hallucinates facts, or fails to generate pedagogically sound material (e.g., cre-
ating ambiguous distractors in MCQs or offering incorrect syntax feedback), these
flaws are codified into the synthetic dataset. Consequently, the "student" model
(Stage 2) learns to replicate these errors. In educational contexts, the cost of such
inaccuracies is high, as it can lead to the propagation of misinformation and un-
dermine learner trust. While the framework incorporates validation steps in data
generation (e.g., in the crossword pipeline) and we also use human evaluation to as-
sess the teacher model’s outputs, these checks are imperfect and cannot guarantee
the complete elimination of errors originating from the teacher.

e« Bias Amplification: LLMs are known to harbor biases present in their pre-
training data. The distillation process risks not only transferring these biases but
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potentially amplifying them, as the student model is optimized specifically on the
teacher’s structured output. In an educational context, this is particularly con-
cerning, as biased content related to history, culture, or language use can have
detrimental effects on learners.

e The "Proprietary Bottleneck": This research utilized state-of-the-art propri-
etary models as teachers due to their superior instruction-following capabilities.
While the framework produces open-source student models, the initial, critical step
remains dependent on access to these closed systems. This reliance limits the
full democratization of the framework, as researchers and educators in resource-
constrained environments may face barriers in accessing or affording the necessary
teacher models.

11.1.2 Prompt Sensitivity and Engineering Overhead

The generation of high-quality synthetic data in Stage 1 is highly sensitive to the design of
the instructional prompts. As detailed in the methodology sections of Chapters 3 through
9, achieving the desired output structure, style, and quality required extensive iteration
and sophisticated prompt engineering (e.g., the multi-stage cascade for Persian MCQs in
Chapter 8, or the category-structured prompt for syntax feedback in Chapter 9).

e Brittleness: Minor changes in prompt wording, formatting, or the inclusion/exclu-
sion of examples can lead to significant variations in the output quality and struc-
ture. This brittleness makes the process difficult to standardize perfectly across
different tasks and languages.

o Expertise Requirement: Designing effective prompts requires expertise in both
the pedagogical domain and LLM behavior. This overhead may hinder the adoption
of the framework by educators who lack specialized technical skills.

11.1.3 The Semantic Gap in Distillation

Distillation aims to transfer task-specific competence, but it often focuses on mimicking
the surface structure and lexical choices of the teacher model rather than transferring
deep understanding or reasoning capabilities. The student models become proficient at
generating content in the desired format (e.g., a crossword clue or an MCQ), but their
ability to handle novel contexts, complex reasoning, or edge cases may not match that of
the teacher. This is particularly relevant for tasks requiring nuanced judgment, such as
providing feedback on complex writing errors.

11.2 Temporal, Computational, and Scope Constraints

In addition to the specific methodological and resource limitations discussed previously,
this research was conducted under specific temporal and computational boundary condi-
tions that influenced the experimental design. Furthermore, it is necessary to delineate
the precise disciplinary scope of this work regarding pedagogical validity.
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11.2.1 Temporal Constraints and Model Stationarity

A fundamental challenge in research involving Large Language Models (LLMs) is the
rapid velocity of the field, where the definition of “State-of-the-Art” (SOTA) shifts on a
monthly basis. This research was conducted longitudinally between the years 2022 and
2025. The experimental design and model selection were frozen at specific intervals to
ensure internal consistency and the comparability of results across the diverse languages
investigated.

At the time of the initial experimental design and execution for the English and Italian
modules (Part IIT), models such as GPT-3 (Davinci/Curie) and BERT-base represented
the industry standard for generative and discriminative tasks, respectively. As the re-
search progressed to Turkish and Arabic (Part III) and Syntax Feedback (Part V), we
integrated newer architectures such as Llama-2 (7B/13B) and GPT-3.5-Turbo, which
represented the SOTA at the time of those specific experiments.

While the landscape has since evolved with the release of models such as GPT-4o
and Llama-3, re-running the foundational experiments with these newer iterations would
introduce significant threats to the internal validity of the thesis:

1. Invalidation of Baselines: Updating the generator models would necessitate a
complete retraining of all baseline comparisons and learned validators (e.g., the
BERT-based classifiers used in Chapter 4 and 7). Mixing model generations across
chapters would render the cross-lingual comparisons incoherent.

2. The Moving Target Problem: Pursuing the absolute latest model is an asymp-
totic task in NLP. The primary contribution of this thesis is not the benchmarking
of a specific model checkpoint (e.g., Llama-2 vs. Llama-3), but rather the valida-
tion of the From Language to Learning framework itself—specifically, the two-stage
distillation pipeline and the efficacy of the Instruct-series datasets.

3. Historical Validity: The results presented herein serve as a rigorous historical
baseline for the capabilities of models in the 2022-2024 era. They demonstrate that
even with models of that generation, the proposed distillation framework yields
educationally valid content, thereby suggesting that the framework’s utility will
only scale with the integration of newer, more capable backbones.

Therefore, the models utilized should be viewed through the lens of a “time capsule”
representing the optimal available tools at the moment of experimentation. Future work
may easily swap the student backbones for newer architectures (e.g., Llama-3 or Mistral-
v3) using the datasets released in this thesis, but such updates are outside the scope of
this foundational study.

11.2.2 Computational Constraints and Ablation Scope

The scope of this thesis is ambitiously multilingual, covering five typologically distinct
languages (English, Italian, Arabic, Turkish, Persian) across three distinct pedagogical
tasks. This breadth imposes significant computational demands that necessitated stra-
tegic trade-offs regarding hyperparameter optimization and ablation studies.
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Prioritization of Parameter-Efficient Fine-Tuning (PEFT)

Due to significant computational constraints—specifically the reliance on academic hard-
ware (e.g., dual NVIDIA A6000 GPUs) rather than industrial-scale clusters—we priorit-
ized Parameter-Efficient Fine-Tuning (PEFT), specifically Low-Rank Adaptation (LoRA),
over full model fine-tuning. Full fine-tuning of 7B and 13B parameter models for every
language and task variation would have exceeded the available computational budget and
training time.

While full ablations (systematically varying rank r, alpha «, and learning rates) would
theoretically provide a more granular view of model behavior, prior literature strongly
suggests that LoRA is a competitive and reliable proxy for full fine-tuning in low-resource
settings. Specifically, Hu et al. (2021) demonstrated that LoRA can match or exceed the
performance of full fine-tuning with a fraction of the trainable parameters. By freezing
the pre-trained weights and injecting trainable rank decomposition matrices, we ensured
that the “student” models retained their general linguistic competence while adapting to
the specific output formats (e.g., JSON schemas for MCQs) required by our framework.

Justification of Heuristics over Exhaustive Search

Consequently, the hyperparameters selected for our experiments (typically r = 16/32,
a = 32/64, as detailed in Sections 8.2.3, 9.2.3, and 10.2.3) were derived from established
heuristics in the PEFT literature rather than exhaustive grid searches for every single lan-
guage pair. This decision allowed us to allocate resources toward expanding the linguistic
coverage of the framework—demonstrating its universality across agglutinative (Turk-
ish) and RTL (Arabic/Persian) languages—rather than optimizing marginal performance
gains for a single language. The consistent performance improvements observed across
all five languages (e.g., the shift from E-rated to A-rated outputs in human evaluations)
validate that these hyperparameter choices were sufficient to demonstrate the efficacy of
the distillation framework, even if they do not represent the theoretical global maximum
of model performance.

11.3 Data Resource Limitations

The creation and utilization of the Instruct series datasets, while a key contribution, also
present several limitations.

11.3.1 The Nature of Synthetic Data

While the synthetic datasets enable scalable fine-tuning, they may not fully capture the
richness, diversity, and nuance of authentic, human-authored educational materials.

e Lack of Authentic Errors: In the context of syntax feedback, the feedback was
generated based on existing student essays. However, for content generation tasks
(Parts II and IIT), the models are trained on "perfect" synthetic examples. They are
not explicitly trained on recognizing or handling the types of errors or misconcep-
tions that students typically exhibit.
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o Stylistic Homogeneity: Synthetic data generated by a single teacher model of-
ten exhibits less stylistic variation than data authored by multiple human experts.
This homogeneity can lead to student models that produce repetitive or formulaic
content.

11.3.2 Source Material Biases and Coverage

The selection of raw, unstructured text used as the input for Stage 1 significantly influ-
ences the resulting educational content.

« Wikipedia Reliance: A substantial portion of the data for crossword and ques-
tion generation across various languages (English, Italian, Arabic, Turkish, Persian)
was derived from Wikipedia. This reliance inherits Wikipedia’s known limitations,
including systemic biases in coverage (e.g., favoring Western perspectives), stylistic
conventions (encyclopedic tone), and potential inaccuracies. Educational content
derived solely from Wikipedia may not align perfectly with specific regional cur-
ricula or pedagogical objectives.

e Domain Skew: As observed in the category distributions of the datasets, the
generated content is often skewed towards domains that are well-represented in the
source material (e.g., Geography, Science). Niche topics or vocational skills may
remain underserved.

11.3.3 Language Coverage and Typological Diversity

While the framework was validated across five languages (English, Italian, Arabic, Turk-
ish, Persian), representing different language families and orthographies, this selection is
by no means exhaustive.

¢ Generalizability to Other Typologies: The efficacy of the framework for lan-
guages with vastly different typological features—such as tonal languages (e.g., Man-
darin), polysynthetic languages, or languages with very limited digital resources re-
mains unproven. The challenges posed by agglutination in Turkish or right-to-left
scripts in Arabic required specific adaptations, suggesting that new typologies will
necessitate further bespoke engineering.

e The "Ultra-Low-Resource" Gap: The framework assumes the availability of
sufficient raw text in the target language to serve as source material. It does not
address the challenge of "ultra-low-resource" languages where such digital text is
scarce.

11.4 Evaluation Limitations

The evaluation protocols employed in this thesis, combining automatic metrics and human
assessments, provide robust evidence of the framework’s efficacy but are also subject to
constraints.



142 11. Limitations

11.4.1 The Inadequacy of Automatic Metrics

Automatic metrics such as ROUGE and BERTScore were used extensively to provide
directional evidence of improvement after fine-tuning. However, these metrics are funda-
mentally limited in assessing educational quality.

¢ Proxy Measures: ROUGE measures lexical overlap, and BERTScore measures se-
mantic similarity against a reference. Neither metric can reliably assess pedagogical
utility, factual correctness, the plausibility of distractors, the clarity of feedback,
or the appropriateness of the difficulty level. As noted, high-quality paraphrasing
often results in low ROUGE scores, complicating interpretation.

¢ Reference Dependence: These metrics require high-quality reference outputs
(often the seed data generated by the teacher model). Evaluating against a synthetic
reference can artificially inflate scores and does not guarantee alignment with human
pedagogical standards.

11.4.2 Constraints of Human Evaluation

Human evaluations were crucial for assessing the quality of the generated content using
detailed rubrics (A-E scales). However, this approach has limitations.

e Scalability and Cost: Human evaluation is time-consuming and expensive, lim-
iting the scale at which it can be applied. The evaluations in this thesis were
conducted on subsets of the generated data.

¢ Subjectivity and Variance: Despite the use of detailed rubrics and trained annot-
ators, human judgment remains inherently subjective. Inter-annotator agreement,
while generally high in this study, is rarely perfect, introducing variance in the
results.

e Focus on Content Quality, Not Efficacy: The human evaluations assessed the
quality of the generated artifacts (clues, questions, feedback) in isolation. They
did not measure the effectiveness of these artifacts in facilitating actual student
learning.

11.4.3 Lack of Longitudinal and Classroom Studies

The most significant limitation of the evaluation strategy is the absence of longitudinal
studies conducted in real-world classroom settings. The thesis validates the potential of
the framework to generate high-quality content but does not provide empirical evidence
of its émpact on learning outcomes, student engagement, or teacher workload reduction.

11.4.4 The Boundary Between Engineering and Psychometrics

A critical distinction must be drawn between the engineering of educational content gen-
eration systems and the psychometric validation of learning outcomes. This thesis situates
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itself firmly within the former: it is an engineering and computational linguistics endeavor
aimed at automating the production of structured educational artifacts.

Structural vs. Psychometric Validity

The evaluations presented in this work (Appendices A and B) assess structural validity
and expert-perceived quality. We measure whether the generated MCQs, crosswords, and
feedback adhere to pedagogical constraints: Are the distractors plausible? Is the feedback
syntactically accurate? Is the content grounded in the source text? These are necessary
prerequisites for educational utility.

However, psychometric validation—which involves Item Response Theory (IRT), dif-
ficulty analysis, and discrimination index calculation—requires longitudinal deployment
with real student populations. As noted in the Related Work (Section 2.8.2), valid Auto-
matic Item Generation (AIG) traditionally requires rigid cognitive models. While our
framework generates items that human experts rate as “high quality,” we do not claim to
have validated the learning efficacy of these items in a classroom setting.

Ethical and Logistical Barriers to Student Trials

Conducting longitudinal studies with students introduces significant ethical and logistical
complexities, including Institutional Review Board (IRB) approval, privacy protection for
minors, and the requirement for long-term curricular integration. Given the timeline of
this PhD research and its primary focus on the computational methodology of multilingual
generation, such deployment was deemed outside the scope of the current work.

The contribution of this thesis is the creation of the pipeline and the datasets (Instruct-
series) that make such future psychometric studies possible. By lowering the cost of
generating high-quality draft items, this framework enables educational researchers to
move to the next phase: deploying these Al-generated materials in controlled settings to
measure their impact on learning gains. Thus, the lack of student-based psychometric
data should be viewed not as a flaw in the engineering methodology, but as a delineation
of disciplinary scope, identifying a critical and immediate direction for Future Work.
Explaining the Content to the Reviewer (Defense Strategy)

11.5 Task-Specific Limitations

Each application domain presented unique challenges that were not fully resolved.

11.5.1 Educational Crossword Generation (Part IT)

e Difficulty Control: The control over the difficulty of the generated clues was
rudimentary, relying primarily on prompt instructions for brevity and clarity. The
framework lacks a mechanism for precisely calibrating clue difficulty to specific
learner proficiency levels.
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o Leakage Detection: Detecting answer leakage (where the clue contains the answer

or a morphological variant) relied on heuristics and validators. This was particularly
challenging in morphologically rich languages like Turkish and Arabic, and residual
cases required manual cleanup.

Grid Layout Optimization: The schema generation used a heuristic scoring
function. While effective in producing dense grids, it may not always find the
optimal layout or incorporate aesthetic considerations (e.g., symmetry) valued in
some contexts.

11.5.2 Question Generation (Part III)

e Depth of Reasoning: The generated MCQs and SAQs primarily targeted factual

recall and surface-level comprehension. The framework struggled to reliably gener-
ate questions requiring deep reasoning, multi-hop inference, or complex synthesis of
information.

Distractor Plausibility: Automating the generation of plausible yet unambigu-
ously incorrect distractors remains a fundamental challenge in QG. While the refine-
ment prompts improved distractor quality, subtle semantic overlaps or ambiguity
occasionally persisted.

11.5.3 Automated Syntax Feedback (Part IV)

e Scope Limitation (Syntax Only): The feedback system was intentionally con-

strained to syntax-level issues. It does not address higher-order writing concerns
such as organization, argumentation, rhetoric, or content development, which are
often more critical for improving overall writing quality.

Risk of Over-Correction and Stylistic Bias: Despite efforts to encourage min-
imal edits, the models occasionally over-corrected, imposing unwarranted formality
or misinterpreting stylistic choices as errors. This risks undermining the learner’s
voice or penalizing non-standard language varieties.

Explanation Quality: While the framework aimed to provide clear pedagogical
explanations, the generated rationales were sometimes generic or lacked the spe-
cificity required for effective instruction.

In summary, while the "From Language to Learning" framework successfully demon-

strates a scalable methodology for multilingual educational content generation, these lim-
itations highlight the critical need for continued research, particularly in improving the

robustness of the methodology, diversifying data sources, enhancing evaluation protocols,

and validating the impact in real-world educational contexts.
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Future Work

The development and validation of the "From Language to Learning" framework have es-
tablished a robust foundation for the scalable generation of multilingual educational con-
tent. However, this research also opens up numerous avenues for future exploration. The
limitations identified in the previous chapter serve as catalysts for innovation, suggesting
concrete directions to enhance the core framework, expand its pedagogical capabilities,
address the challenges of low-resource languages more deeply, and rigorously validate its
real-world impact.

12.1 Enhancing the Core Framework

Future work should focus on improving the robustness, efficiency, and autonomy of the
two-stage distillation methodology.

12.1.1 Iterative Distillation and Self-Refinement

To mitigate the dependence on the initial quality of the teacher model and the potential
propagation of errors, future research should explore iterative refinement loops.

¢ Critic Models and RLAIF: Implementing mechanisms where a specialized "critic"
model, or the teacher LLM itself via techniques like Reinforcement Learning from Al
Feedback (RLAIF), evaluates the generated synthetic data against pedagogical rub-
rics. This feedback can be used to prompt the teacher to revise the data iteratively,
improving the quality of the Instruct datasets before student training.

¢ Self-Correction and Consistency Checking: Enhancing the student models
with the ability to self-correct their outputs based on consistency checks, external
knowledge retrieval, or explicit pedagogical rules. For instance, an MCQ generator
could verify the uniqueness of the correct answer or the plausibility of distractors
before finalizing the output.

12.1.2 Multi-Modal Educational Content Generation

The current framework is exclusively text-based. However, effective education relies heav-
ily on multi-modal materials.

e Vision-Language Integration: Extending the framework to incorporate vision-
language models. This would enable the generation of questions grounded in images,
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diagrams, or videos (e.g., generating a quiz about a biological diagram or a histor-
ical map), as well as the generation of illustrative images to accompany textual
explanations.

Incorporating Audio and Interaction: Integrating speech recognition and syn-
thesis capabilities to generate listening comprehension exercises, pronunciation feed-
back, and interactive simulations, which are crucial for comprehensive learning ex-
periences.

12.1.3 Human-in-the-Loop Optimization and Active Learning

To ensure the alignment of the generated content with pedagogical needs and to continu-

ously improve the models, human feedback must be integrated more systematically.

e Active Learning Pipelines: Developing active learning strategies that identify

the most informative instances for human review. Instead of random sampling,
the system could prioritize ambiguous, low-confidence, or novel outputs for teacher
validation, optimizing the use of expert effort.

Continual Fine-Tuning from Feedback: Establishing pipelines for continual
fine-tuning of the student models based on the edits and feedback provided by edu-
cators during the content authoring process (RLHF). This would allow the models
to adapt to specific curricular requirements and teaching styles.

12.2 Expanding Pedagogical Capabilities

The framework should evolve beyond isolated content generation to support more complex

educational scenarios and foster higher-order thinking skills.

12.2.1 Advanced Assessment and Difficulty Control

Moving beyond factual recall is a critical next step.

e Generating Higher-Order Questions: Developing techniques for reliably gen-

erating questions that require analysis, synthesis, evaluation, and multi-hop reason-
ing. This may involve integrating chain-of-thought prompting or symbolic reasoning
modules to ensure the validity of the required inferences.

Calibrated Difficulty Control: Implementing robust mechanisms for controlling
and predicting the difficulty of the generated content. This could involve training
difficulty classifiers based on Item Response Theory (IRT) principles or leveraging
learner performance data to adapt the difficulty level dynamically.

Automated Grading of Open-Ended Responses: Extending the framework
to the automated grading of short-answer and essay responses, providing not just
a score but constructive feedback aligned with specific rubrics, moving beyond the
syntax-only focus of Chapter 9.
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12.2.2 Automated Curriculum and Lesson Planning

The ultimate goal is to assist educators in the end-to-end design of learning experiences.

e Curriculum Alignment: Developing methodologies for ingesting structured cur-
ricula (e.g., syllabi, learning standards) and using them to guide the generation of
educational materials, ensuring pedagogical relevance and appropriate scoping.

e Adaptive Sequencing: Developing algorithms that can sequence the generated
content (explanations, practice items, assessments) into personalized learning paths
adapted to the individual learner’s progress, knowledge state, and misconceptions.

e Lesson Plan Synthesis: Combining different types of generated content into
coherent lesson plans that include learning objectives, activities, materials, and
assessments.

12.2.3 Interactive Tutoring Systems and Explainability

Leveraging the specialized models to power interactive learning environments.

e Socratic Dialogue Agents: Utilizing the fine-tuned models as the backbone for
conversational tutoring systems that can engage in Socratic dialogue, asking probing
questions, providing adaptive scaffolding, and guiding learners through complex
problem-solving processes.

o Explainable Feedback: Enhancing the feedback generation models to provide
detailed, context-aware explanations and rationales for the suggested corrections or
assessments. This is crucial for building learner trust and facilitating understanding.

12.3 Addressing Multilingual and Low-Resource Chal-
lenges

A core objective of this research is to promote educational equity. Future work must
continue to address the challenges of under-resourced languages.

12.3.1 Deeper Integration of Linguistic Knowledge

To address the challenges posed by morphological complexity (e.g., Turkish, Persian) and
linguistic diversity.

e Morphology-Aware Generation: Integrating morphological analyzers and lex-
icons into the pipeline to ensure grammatical correctness, prevent leakage (crucial
for crosswords), and generate plausible distractors (crucial for QG) in agglutinative
and highly inflected languages.
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12.3.2 Ultra-Low-Resource Adaptation

Developing techniques for languages where digital resources are extremely scarce.

¢ Advanced Cross-Lingual Transfer Learning: Leveraging knowledge learned
from high-resource languages to improve performance in low-resource languages.
This could involve advanced multilingual pre-training or zero-shot cross-lingual ad-
aptation techniques.

e Machine Translation Bootstrapping: Utilizing machine translation to create
synthetic parallel data or to translate existing educational resources into the target
language, followed by careful post-editing and adaptation strategies to mitigate
translation errors.

12.3.3 Dialectal and Cultural Adaptation

Ensuring that the generated content is culturally relevant and respects linguistic diversity.

e Handling Code-Switching and Dialects: Adapting the framework to support
regional dialects, non-standard language varieties, and code-switching phenomena,
which are often marginalized in educational technology.

¢ Culturally Aware Content Generation: Developing mechanisms to ensure that
the generated content is culturally appropriate, respectful, and relevant to the
learners’ context. This requires incorporating cultural knowledge and guidelines
into the generation process and engaging local communities in the development and
validation of the tools.

12.4 Validation and Real-World Impact

Finally, future research must bridge the gap between content generation and measurable
educational impact.

12.4.1 Longitudinal Efficacy Studies

Conducting rigorous studies to evaluate the effectiveness of the generated content in real-
world educational settings.

« Randomized Controlled Trials (RCTs): Implementing RCTs to compare the
learning outcomes of students using the Al-generated content with those using tra-
ditional materials across diverse contexts (languages, subjects, learner populations).

¢ Impact on Teacher Workload and Practice: Assessing the impact of the frame-
work on teacher workload, job satisfaction, and the time allocated to higher-level
pedagogical activities.
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12.4.2 Ethical Considerations and Bias Mitigation

As Al plays an increasingly significant role in education, it is imperative to address the
ethical implications.

e Fairness and Equity Auditing: Developing robust methods for auditing the gen-
erated content for fairness, bias (e.g., gender, cultural, socioeconomic), and safety.

¢ Transparency and Accountability: Ensuring that the generation process is
transparent and that mechanisms for accountability are in place when errors or
biases occur.

e« Data Privacy and Security: Implementing strong safeguards to protect student
data privacy, particularly when dealing with sensitive information such as writing
samples.

By pursuing these directions, the "From Language to Learning" framework can evolve
from a promising methodology into a transformative force in global education, making
personalized, high-quality learning accessible to everyone, everywhere.






Chapter 13

Conclusion

This thesis undertook a systematic study at the intersection of advanced natural language
processing and global education. It addressed the persistent bottleneck of producing scal-
able, personalized, and high-quality educational content—especially for school systems
and languages that remain underserved. The digital language divide, rooted in data
scarcity, economic misalignment, and linguistic complexity, has concentrated the bene-
fits of Al-enabled learning within a small set of dominant languages. To counter this,
the thesis introduced and validated From Language to Learning (FLL): a unified, LLM-
driven framework that reliably adapts general-purpose language models to multilingual
education at scale. FLL operationalizes a task-specific adaptation of distillation that
first converts raw text into pedagogically faithful supervision and then distills that ex-
pertise into efficient, open models deployable in real classrooms. Across this project, we
produced 11 publications, released 11 datasets (including 7 in the Instruct series), and
trained /evaluated 29 fine-tuned generator models across 5 languages.

13.1 The “From Language to Learning” Framework:
A Synthesis

FLL formalizes a two-stage process:

Stage 1 — Expert Data Generation (Teacher). A state-of-the-art teacher LLM
is prompted with rubric-based, multi-step instructions to transform unstructured text
into structured, high-fidelity educational artifacts—the Instruct series datasets. Schemas,
guardrails (e.g., JSON formats, no answer leakage), and refinement passes encode ped-
agogy, difficulty, and textual grounding.

Stage 2 — Instruction Fine-Tuning (Student). These synthetic datasets power
instruction fine-tuning of smaller, open-source models using parameter-efficient methods
(PEFT/LoRA). The result is a family of specialized student models aligned to concrete
tasks and languages while preserving accessibility, auditability, and deployability under
modest compute.

The framework is guided by five objectives: Scale, Pedagogical Fidelity, Multilingual
FEquity, Efficiency € Openness, and Reliability. Together they constrain both data gen-
eration and modeling to produce learning-ready outputs rather than generic text.
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13.2 Empirical Validation and Answers to the Research
Questions

FLL was validated across three application tiers—gamified learning, formal assessment,
and feedback—covering five languages (English, Italian, Arabic, Turkish, Persian). Spe-
cialized students consistently outperformed general-purpose baselines, answering the MRQ
and sub-questions posed in Chapter [l The experimental program spans five languages
and three pedagogical domains.

MRQ. How can general-purpose LLMs be systematically and scalably adapted to gener-
ate diverse, high-quality, pedagogically varied educational content, particularly for under-
resourced languages?

Answer. Through FLL’s two-stage distillation: generate task-specific Instruct datasets
with a teacher LLM, then instruction-fine-tune compact open models (PEFT/LoRA).
Scalability comes from transforming abundant raw text into structured pedagogy; di-
versity and fidelity follow from applying the same blueprint across disparate tasks and
languages.

RQ1 — Gamified Learning via Multilingual Crosswords

FLL generated source-grounded, educational crosswords (EN/IT/AR/TR) using paired
resources per language: (i) answer-only clue-answer pairs and (ii) text-grounded data-
sets. Fine-tuned students markedly improved clarity, grounding, and format reliability
for clue—answer pairs, while handling RTL scripts and agglutinative morphology without
bespoke engineering [3, [4, [ [6] [7, [8, [9} [10].

RQ2 — Formal Assessment in Low-Resource Languages

FLL extended to assessment by producing MCQs and SAQs in Persian and Turkish
using PersianMCQ-Instruct and Turkish-Quiz-Instruct. Human evaluation showed
transformative gains (e.g., Turkish SAQ quality rose from 0% to >70% ezcellent; Persian
MCQs achieved >95% high-quality outputs). In the Persian MCQ task, the overall human
score for a fine-tuned 8B student increased from 3.31 to 4.51/5, demonstrating assessment-
grade reliability [LT], [12].

RQ3 — Nuanced Pedagogical Intervention via Syntax Feedback

For English student essays, Syntax-Instruct enabled students to deliver precise, ac-
tionable, and minimally invasive syntax feedback. LoRA-based students reduced over-
correction and improved locality and justification, increasing the share of good (B-or-
better) feedback substantially [13].
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13.3 Released Resources and Model Suite

A centralized index of all resources detailed below, including the specific prompt templates
and reproducibility scripts for the English, Italian, Arabic, Turkish, and Persian experi-
ments, is maintained in the project repository: https://github.com/KamyarZeinalipour/
From-Language-to-Learning.

Datasets. We publicly released 11 datasets in total:

o Crosswords (8 datasets = 4 languages x 2 each): for each of EN/IT/AR/TR
we released (a) answer-only clue—answer pairs and (b) a text-grounded “Clue-
Instruct” dataset.

e Assessment (2): Turkish-Quiz-Instruct (TR; MCQ/SAQ) and PersianMCQ-Instruct
(FA; MCQ).

o Writing feedback (1): Essay-Syntax-Instruct (EN).

Within these, the Instruct-series subset comprises 7 datasets (the four crossword
Clue-Instruct variants + Turkish-Quiz-Instruct + PersianMCQ-Instruct + Essay-Syntax-
Instruct) [5} 12} 1T}, [13].

Models. Across all studies we trained and evaluated 29 distinct fine-tuned generator
checkpoints (not counting validators/classifiers), spanning LLaMA /Llama 3, Mistral,
MPT, Gemma, and GPT-3/3.5 families, primarily using PEFT/LoRA. Multiple students
were introduced per task and language rather than a single model per paper, reflecting
careful sweeps over base families and parameter scales.

Publications. This body of work produced 11 publications across conferences, work-
shops, and journals, covering puzzles/crosswords [3}, 4} 5] @] [7, [8] 9] [L0], assessment [11],12],
and feedback [I3].

13.4 Reiteration of Contributions

Methodological. A scalable, task-specific adaptation of distillation that turns general
LLMs into specialized, trustworthy educational tools.

Empirical. The first multilingual demonstration of a unified blueprint across gamified
learning, assessment, and writing support, with consistent gains over base models in five
typologically diverse languages.

Resources. Public release of 11 datasets in total (including an Instruct-series sub-
set of 7) and 29 fine-tuned generator models across 5 languages, enabling reproducible
research and practical deployment.



154 13. Conclusion

Practical. A validated path to democratize Al-powered education—open, auditable,
and deployable under real constraints.

13.5 Broader Implications and Final Remarks

In a world demanding personalization at scale, FLL demonstrates that systematic, ped-
agogically grounded Al can deliver classroom-ready value, not just plausible text. By
prioritizing open models and low-resource languages, this work helps narrow the digital
language divide and offers a replicable process that communities can adapt to their cur-
ricula, cultures, and constraints. Ethics and reliability remain central: the goal is to
augment educators—ensuring transparency, provenance, and alignment with learning ob-
jectives. By prioritizing open models and low-resource languages, this work helps narrow
the digital language divide. While no probabilistic model can fully guarantee grounding,
this framework significantly mitigates hallucination risks by constraining generation to the
provided source text. In sum, this thesis provides a validated, scalable framework that

closes the gap between the potential of LLMs and the realities of multilingual education.
With 11 publications, 11 released datasets (including 7 Instruct-series resources), and 29
specialized fine-tuned generator models across 5 languages, FLL charts a practical route
toward personalized, high-quality learning for all—regardless of language or location.
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Appendix A

Dataset Cards

This appendix provides detailed specifications for the datasets created and utilized in this

thesis. It covers the Instruct series (generated via the two-stage distillation framework)

and the legacy repositories curated for answer-only generation.

A.1 Clue-Instruct (English Crosswords)

A.2

Description: A dataset of context-grounded crossword clues in English, linking
keywords to specific source texts.

Provenance: Data was extracted from English Wikipedia. The pipeline targeted
the initial sections of articles, focusing on concise definitions and key facts.

Filtering:

— Articles were screened based on metadata, specifically high view counts or
“Top” importance ratings.

— Context length was constrained to 30-1000 words.

— Keywords were constrained to 3-20 characters and a maximum of 3 words.

Generation Method: Clues were synthesized using GPT-3.5-Turbo. The prompt
enforced negative constraints to prevent keyword leakage in the clues.

Statistics:

— Total Examples: 44,075 unique entries.
— Total Clues: 132,225 context-grounded clues.
— Categories: 20 broad categories (e.g., Science, Geography, Applied Science).

Usage: Used for training and validation of LLaMA2 (7B-13B) and MPT models
for the text-conditioned path.

Italian-Clue-Instruct

Description: The first text-aligned corpus for Italian crossword generation, cap-
able of controlling for specific syntactic styles.

Provenance: Sourced from 88,403 Italian Wikipedia articles.
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o Filtering:

— Filtered for popularity and relevance.

Articles shorter than 50 words were removed.

Keywords restricted to 3-20 characters and a maximum of 2 words.

— Refined to 11,413 high-quality articles, from which 5,000 were randomly selec-
ted for generation.

e Generation Method: Generated using GPT-40. The process utilized four distinct
prompt templates to vary syntactic style: Bare Noun Phrase, Definite Determiner
Phrase, Copular Schema, and General-Purpose.

« Statistics:

— Total Entries: Over 30,000 clues.

— Categories: 29 thematic categories, with strong representation in Entertain-
ment, Geography, and History.

A.3 T4TAC (Turkish Educational Crosswords)

e Description: A text-aligned corpus for Turkish, specifically designed to handle
agglutinative morphology and prevent clue leakage.

e Provenance: Extracted from approximately 180,000 Turkish Wikipedia pages.
o Filtering:

— Filtered for popularity and context length (> 50 words).

— Keywords restricted to 3-20 characters, containing no numerics or special char-
acters.

— Refined to 9,855 high-quality pages.
e Generation Method: Synthesized using GPT-4-Turbo with “leakage-aware” prompts
designed to handle Turkish agglutination and prevent the answer stem from appear-
ing in the clue.

¢ Statistics:

— Total Clues: Over 35,000.

— Splits: 8,000 items (training) / 670 items (test).
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A.4 Arabic-Clue-Instruct

e Description: A text-aligned, category-aware corpus for Arabic, supporting right-
to-left script constraints.

e Provenance: Extracted from approximately 211,000 Arabic Wikipedia articles.
o Filtering:

— Articles fewer than 50 words were discarded.
— Keywords capped at 2 words (3—20 characters).

— Refined to 14,497 content-keyword pairs.

e Generation Method: Synthesized using GPT-4-Turbo with strict constraints on
clue length (max 4 words) to ensure conciseness.

o Statistics:

— Total Clues: 54,196.
— Splits: 14,000 (training) / 497 (test).

— Categories: 20 categories, primarily Geography, Science, and Society.

A.5 Turkish-Quiz-Instruct (MCQ & SAQ)

¢ Description: A dataset pairing Turkish educational texts with Multiple-Choice
(MCQ) and Short-Answer Questions (SAQ).

e Provenance: Scraped from reputable educational websites bikifi.com and basar-
isiralamalari.com, covering secondary school curricula.

o Filtering:

— Removal of navigation bars, ads, emojis, and hyperlinks.

— Excessively short text fragments were eliminated to ensure sufficient context.

¢ Generation Method: Synthesized using GPT-4-Turbo via a structured prompt
enforcing distractor plausibility, grammatical parallelism, and unambiguous keys.

« Statistics:

— Splits: 8,000 passages (training) / 260 passages (evaluation).
— Subjects: History, Chemistry, Geography, Literature, Biology, Philosophy.
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A.6 PersianMCQ-Instruct

Description: A large-scale collection of Persian educational texts paired with
MCQs, created to overcome low-resource constraints.

Provenance: Sourced from Persian Wikipedia lists, specifically “Featured,” “Good,”
and “Vital” articles. The initial crawl yielded 8,894 pages.

Filtering:
— Pages fewer than 100 words were removed.

— Contexts were capped at 500 words.

— Refined to 4,159 high-quality passages.

Generation Method: Generated via a three-stage prompt cascade (Text Aug-
mentation — MCQ Generation — Refinement) using GPT-40 to increase complex-
ity and pedagogical value.

Statistics:

— Total MCQs: Over 12,000 (3 per passage).
— Splits: 12,000 (training) / 476 (evaluation).

A.7 Essay-Syntax-Instruct

Description: A dataset of authentic student essays paired with structured syntax
feedback across seven error categories.

Provenance: Derived from the ASAP (Automated Student Assessment Prize)
dataset, covering Grades 7-10.

Filtering:

— Placeholder Replacement: Anonymization tokens (e.g., @PERSON1) were
replaced with contextually plausible surrogates using an LLM to restore lin-
guistic naturalness.

— Filtered for word counts between 100-700 words.

Generation Method: Feedback synthesized by GPT-3.5-Turbo using a structured
prompt covering 7 syntax categories (e.g., Modifiers, Articles, Punctuation).

Statistics:

— Total Pairs: 8,320.
— Splits: 8,020 (training) / 300 (test).
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A.8 Legacy & Auxiliary Datasets (Answer-Only)

These datasets were curated to support the “Answer-Only” generation paths (Path B)
and to train validation classifiers.

o Century-Scale Clue—Answer Corpus (English):

— Sourced from print and web archives spanning 1913-2021.

— Contains 7,327,448 clue-answer pairs.
¢ Legacy Italian Clue-Answer Collection:

— Sourced from websites (e.g., dizy.com) and PDF archives.

— Contains 125,600 unique pairs.
e TAC (Turkish Answer-Clue):

— Sourced from expert constructors and newspaper archives (e.g., Habertirk).

— Contains 252,576 pairs (187,495 unique entries).
« AR__CW (Arabic Legacy Repository):

— Sourced from Al-Joumhouria Journal and Al-Ghad via manual extraction and

OCR.
— Contains 57,706 entries (25,908 unique pairs).






Appendix B

Human Evaluation Protocols and
Experimental Design

This appendix provides a comprehensive technical specification of the human evaluation
protocols employed throughout this thesis. While automatic metrics (such as ROUGE,
BLEU, and BERTScore) provide necessary proxies for lexical overlap and semantic sim-
ilarity, they are fundamentally insufficient for assessing pedagogical utility. Educational
content requires evaluation along complex dimensions including validity, instructional
value, cultural appropriateness, and the strict absence of answer leakage.

To address these nuances, we designed distinct evaluation campaigns for the three
primary pillars of the framework: Educational Crossword Generation (Part II), Question
Generation (Part IIT), and Syntactic Feedback (Part IV). The following sections detail
the recruitment of annotators, the specific instructions provided, the rating taxonomies,
and the methods used to calculate agreement and aggregate results.

B.1 Protocol A: Educational Crossword Generation

This protocol was utilized to validate the Instruct series datasets and the fine-tuned
models for English, Italian, Turkish, and Arabic crosswords (Chapters 4-7).

B.1.1 Evaluation Rationale and Objectives

The primary objective for crossword clue evaluation was to determine if the generated
output functioned as a valid puzzle component. Unlike open-ended text generation, cross-
word clues operate under strict functional constraints:

1. Validity: The clue must unambiguously point to the answer key.

2. Contextual Grounding: The clue must be derived from the provided source text
rather than general external knowledge.

3. Non-Leakage: The clue must not contain the answer word or its morphological
root. This is a critical constraint for agglutinative languages like Turkish, where
stem leakage renders the puzzle trivial.

B.1.2 Annotator Demographics and Recruitment

The evaluation panels were constructed to ensure native-level linguistic competence and
familiarity with the crossword domain.
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o English & Italian Panels: Evaluation was conducted on a held-out sample of
1,800 generated clues per language. Evaluators were recruited based on native
proficiency and confirmed prior experience with solving word puzzles.

e Turkish Panel: Given the morphological complexity of the language, the panel
consisted of native Turkish speakers specifically trained to detect “root leakage”—instances
where the answer stem appears in the clue.

e Arabic Panel: The panel comprised native Arabic speakers capable of assessing
cultural relevance and grammatical correctness in Right-to-Left (RTL) scripts.

B.1.3 Task Design and Instructions

Annotators were presented with randomized batches of data to ensure a double-blind
evaluation. The source of the clue (Teacher model, Student model, or Base model) was
hidden to prevent bias.

Each annotation instance consisted of a triplet:

Context Paragraph || Target Keyword (Answer) || Generated Clue

Annotators were instructed to read the context paragraph first, then the target answer,
and finally assess the generated clue against the rubric. For Turkish and Arabic tasks,
annotators were explicitly warned to flag any morphological variations of the keyword
appearing within the clue text.

B.1.4 Rating Taxonomy

A standardized 5-point Likert-style scale was adapted for all four languages to measure
the “Acceptability Rate.”

RATING A (Excellent / Pedagogically Valid)
The clue is linguistically flawless, factually accurate based on the context, and
creates a fair but challenging puzzle experience. It correctly categorizes the term
and leads the solver to the answer without ambiguity.

RATING B (Acceptable with Minor Issues)
The clue is solvable and factually correct but may contain minor stylistic imperfec-
tions. For example, the correlation with the assigned category might be loose, or
the phrasing might be slightly awkward, though not grammatically incorrect.

RATING C (Generic / Vague)
The clue is semantically related to the answer but fails the “Contextual Grounding”
constraint. It relies on generic knowledge rather than the specific details provided
in the source text. While solvable, it holds low educational value for reviewing the
specific lesson.

RATING D (Incorrect / Irrelevant)
The clue is factually wrong, linguistically malformed, or unrelated to the answer.
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This rating is also applied to hallucinations where the model invents facts not present
in the source text.

RATING E (Unacceptable / Leakage)
The clue contains the answer, a direct translation of the answer, or a morphological
variant of the answer (e.g., using “write” when the answer is “writer”). These items
are considered objective failures as they break the mechanics of the puzzle.

B.1.5 Metrics and Agreement Analysis

For the crossword domain, the primary success metric was the Acceptability Rate,
defined as the percentage of generations receiving A or B ratings.

¢ Success Criterion: A model was considered “Production Ready” if the combined
A+B rate exceeded 80%.

o Leakage Analysis: The frequency of Rating E was tracked separately to measure
the model’s adherence to negative constraints.

o Agreement Strategy: Due to the objective nature of "Leakage" (Rating E) and
"Hallucination" (Rating D), strict inter-annotator agreement metrics (like Cohen’s
Kappa) were deprioritized in favor of large-scale distribution analysis between base
and fine-tuned models.

B.2 Protocol B: Question Generation (MCQ & SAQ)

This protocol was applied to the Turkish-Quiz-Instruct (Chapter 8) and PersianMCQ-
Instruct (Chapter 9) datasets.

B.2.1 Evaluation Rationale and Objectives

Educational assessment items require a higher standard of verification than gamified
content. A wrong answer in a quiz can actively harm the learning process by reinforcing
incorrect information. Therefore, this protocol prioritized factuality and distractor
plausibility.

o Distractor Validation: For Multiple-Choice Questions (MCQs), the incorrect
options (distractors) must be plausible to a learner but objectively incorrect to an
expert.

¢ Morphological Correctness: In Persian and Turkish, questions must adhere to
specific grammatical case markers which non-instructed models often miss.

B.2.2 Annotator Demographics and Recruitment

¢ Persian Panel: The evaluation was conducted by two native Persian speakers, both
postgraduate university students. Their academic background ensured they could
evaluate the pedagogical nuance of questions generated from Wikipedia articles.
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e Turkish Panel: Items were scrutinized by native Turkish speakers with expertise
in the linguistic subtleties of the language and familiarity with national educational
assessment standards.

B.2.3 Task Design and Instructions

Annotators were shown the Source Text and the generated Question Object (compris-
ing the Stem, Key, and Distractors). They were instructed to act as an instructor vetting
questions for a formal exam.

B.2.4 Rating Taxonomy

To ensure consistency with the Crossword protocol, the tabular rubric used during the
annotation phase is presented here as a standardized descriptive list.

RATING A (Excellent / Publication Ready)
The stem is clear, concise, and grammatical. The key is unambiguously correct
based only on the text. All distractors are plausible (related to the topic) but
clearly incorrect.

RATING B (Good / Classroom Ready)
The item is mostly factual and relevant. It may contain minor grammatical typos or
slight ambiguity in one distractor, but the correct answer remains clear and distinct.

RATING C (Acceptable / Requires Editing)
The item is loosely related to the text or addresses peripheral/trivial details. Ques-
tions may be too easy (e.g., distractors are obviously wrong or unrelated).

RATING D (Poor / Significant Flaws)
The item contains factual inaccuracies, significant grammatical errors, or the ques-
tion is minimally relevant to the source text.

RATING E (Unusable / Critical Failure)
The question is incomprehensible, misleading, or contains “Answer Leakage” (the
answer is revealed in the question stem). Alternatively, there is no correct answer
among the options provided.

B.2.5 Metrics and Agreement Analysis

Unlike the crossword task, the Persian MCQ evaluation included a rigorous statistical
analysis of inter-annotator agreement to validate the subjectivity of the rubric.

e Sample Size: 600 randomly selected questions were evaluated.

e Overlap: 200 of these questions were evaluated by both expert annotators inde-
pendently to calculate agreement.
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¢ Quantitative Result: The annotators achieved a raw agreement rate of 0.96,
with a Cohen’s Kappa of 0.86. This indicates “almost perfect” agreement, val-
idating that the distinctions between “Excellent” and “Unusable” were interpreted
consistently by experts.

B.3 Protocol C: Syntax Feedback (Generation

This protocol was applied to the Essay-Syntaz-Instruct dataset (Chapter 10).

B.3.1 Evaluation Rationale and Objectives

Evaluating syntax feedback is inherently more complex than evaluating questions or clues
because there is no single “Gold Standard.” A student essay may contain multiple errors,
and there are multiple valid ways to correct them.

¢ Privacy Constraints: The source texts were authentic student essays with an-
onymized placeholders (e.g., @ERSON1). Evaluators assessed if the model correctly
handled these placeholders without hallucinating errors or leaking formats.

o Utility over Pedantry: The goal was not merely to identify errors, but to provide
actionable feedback.

B.3.2 Annotator Demographics and Recruitment

The evaluation was entrusted to two human raters, both of whom were master’s
students in linguistics. This high level of qualification was necessary because the task
involved distinguishing between subtle stylistic choices and actual syntactic errors—a
distinction general crowd-workers often fail to make.

B.3.3 Task Design and Instructions

Raters were presented with the Student Essay and the Generated JSON Feedback.
They were instructed to verify the feedback against seven specific syntax categories defined
in the system prompt: Misspelled Words, Conjunctions, Modifiers, Prepositions, Modal
Verbs, Punctuation, and Articles.

B.3.4 Rating Taxonomy

Because “correctness” is fluid in writing feedback, the scale focused on the quality of
pedagogical intervention.

RATING A (Exceptional)
The model identifies every error in the category, provides accurate corrections, and
offers an explanation that demonstrates a profound understanding of the context.
It handles privacy placeholders correctly.
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RATING B (Robust)
The model catches the majority of errors and provides correct fixes. It may miss
a very minor issue or the explanation might be slightly generic, but the advice is
reliable and safe for a student to follow.

RATING C (Adequate)
The model identifies errors but the corrections are marginally acceptable (e.g., fixing
grammar but losing the student’s original voice). It may suggest unnecessary or
stylistic changes disguised as grammatical rules.

RATING D (Inconsistent)
The feedback is of variable quality. It catches some errors but misses obvious ones,
or provides confusing advice that requires teacher intervention to clarify.

RATING E (Deficient)
The feedback is harmful. It fails to identify errors, hallucinates errors where there
are none (over-correction), or misinterprets privacy placeholders as typos.

B.3.5 Metrics and Agreement Analysis

The evaluation was conducted on a subset of 300 essay-feedback pairs. The analysis
focused on the Quality Shift Distribution.

o Baseline Performance: Raters found that base models (Llama-2, Mistral) fre-
quently fell into Rating D/E, often over-correcting valid sentences or failing to
output valid JSON.

e Fine-Tuned Performance: The fine-tuned models shifted the majority of re-
sponses to Rating B (Robust) and A (Exceptional).

¢ Qualitative Consensus: While a formal Kappa was not calculated for this task,
the qualitative reports from the linguists highlighted a specific reduction in “hallu-
cinated rule violations” after fine-tuning, validating the semantic alignment of the
student models to the teacher’s supervision.

B.4 Summary of Evaluation Limitations

While these protocols were rigorous, several limitations must be acknowledged (as dis-
cussed in Chapter 11):

1. Scale vs. Depth: Human evaluation is resource-intensive. While we evaluated
thousands of items, this represents a fraction of the millions of generated tokens.

2. Subjectivity in Style: In Crossword and Syntax tasks, the preference for a specific
“clue style” or “writing style” introduces unavoidable subjectivity.

3. Teacher-Student Bias: Since the rubric aligns with the “Teacher” model’s style
(GPT-4), there is a risk that raters prefer outputs that mimic GPT-4, potentially
penalizing valid but distinct outputs from smaller models.



Appendix C
Translations of Non-English Content

This appendix provides English translations for figures, tables, and prompts containing
non-English text (Italian, Turkish, Arabic, and Persian) found throughout the thesis.

Chapter 5: Italian Educational Crossword Generation

Figure 5.11: An illustrative Italian educational crossword

Translation of Puzzle Content:

e Across (Orizzontali):

1. Simultaneous Translation. [1]
— 2. A critical evaluation. (Answer: Recensione) [1]

— 4. A hilarious story is one. (Answer: Comica) [1]

7. Set of arts, techniques, and industrial activities productive of a film. (An-
swer: Cinema) [1]

8. Original language from which the word cinema derives. (Answer: Greco
Antico) [1]

— 9. One of the terms extracted from the ancient Greek language, used to
describe cinema. (Answer: Movimento) [1]

e Down (Verticali):

— 1. A film... as a document. (Answer: Documentario) [1]

— 3. Final commercial product of a set of work comprising arts, techniques, and
industrial activities. (Answer: Film) [1]

— 5. A highly coveted award. (Answer: Oscar) [1]
— 6. They enter the box office coffers. (Answer: Incassi) [1]

Table 5.1: Examples of generated clues from the Italian-Clue-
Instruct dataset

Translation of Selected Clues:

e Robocall: Can be blocked by phone companies to prevent scams. [2], [3]
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C. Translations of Non-English Content

o Ministry of Magic (Ministero della Magia): Corrupt and incompetent gov-
ernment in J.K. Rowling’s Wizarding World. [2], [3]

o Lovesick: Renewed for a third season, released exclusively on Netflix. [2], [3]

o South American Tapir (Tapirro Sudamericano): One of the four recognized

species in the tapir family. [2], [3]

Chapter 6: Turkish Educational Crossword Generation

Figure 6.7: An illustrative Turkish educational crossword

Translation of Puzzle Content: [4], [5]

« ACROSS:

1. The Czech state of Europe, held the electorate of the Holy Roman Empire.
(7)

2. The capital of Brandenburg, former residence of Prussia, famous for its
lakes and palaces. (7)

6. One of China’s oldest and largest historical capitals; although 99.1% of its
13 million population are Han Chinese, there are approximately 50,000 Hui
Muslims. (4)

8. Fortress; A historical fortress on the UNESCO list, joined to Serbian lands
at the end of the 15th century. (9)

10. The scientific origin story of mountains shapes the fate of continents. (8)
11. Vehicle that travels on water, with sails or engine. (4)

13. One of the four basic operations of arithmetic, a close relative of subtrac-
tion. (5)

15. A people belonging to the Plains Indians culture group, speaking Dakota
languages. (9)

16. Indispensable to ceramic art, it comes out of nature like mud. (3)

17. The name of the day which was “Saturn’s Day” in Old English, the
“seventh” day in Old Turkish. (9)

« DOWN:

1. Legendary ruler of the Kingdom of Sheba, mysterious queen of Abyssinia.
(6)

3. Activity that tests your intelligence and skill, blending entertainment and
competition. (4)

4. The building block of life, 0.2% is in the earth’s crust. (6)

5. Nomadic warriors who came to Anatolia in the 8th century BC and brought
an end to Phrygia. (9)
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7. Those who set foot in America after Virginia in 1620, pioneers of Thanks-

giving Day. (10)

9. Junction; a circle in Cyprus that rotates traffic flow. (5)

12. In psychology, a pleasant state where you would want to go back in the

future. (4)

14. On the shores of the Caspian, the heart of Azerbaijan and the capital of

oil. (4) </itemize

Chapter 7: Arabic Educational Crossword Genera-

tion

Figure 7.9: Worked example (text-conditioned)

Translation of Process Steps: [6], [7], [§]

— (a) Input Paragraph: The atom is the smallest part of a chemical element

that can be reached... It consists of a cloud of negative charges (electrons)
orbiting a nucleus... The nucleus consists of positively charged protons and

neutral neutrons...

— (b) Extracted Keywords: Atom, Chemical Element, Chemical Properties,

Electrons, Nucleus, Protons, Neutrons, Isotopes.

— (c¢) Generated Clues:

*

*

*

*

*

Atom: The smallest part of a chemical element...

Chemical Element: Consists of atoms and maintains chemical properties...

Chemical Properties: Determines the chemical reaction...

Nucleus: Located in the center of the atom, contains protons and neut-
rons...
Protons: Located in the nucleus and carries a positive charge...

Figure 7.10: Illustrative Arabic educational crossword (Phys-

ics topic)

Translation of Clues: [6], [9]

— Across:

*

*

*

1.
. In the sky at night.

. Smallest part of a chemical element that can be reached.

- BTN

Rotates around the nucleus in the atom. (Answer: Electrons)

. Found in the nucleus and has no charge. (Answer: Neutrons)

. Consists of atoms and retains chemical properties.
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* 8. Can undergo chemical reactions according to its chemical properties.
< /itemize
* Down:
1. Found in the nucleus and carries a positive charge. (Answer: Pro-
tons)
2. One of the metals.
3. Different forms of the same element. (Answer: Isotopes)

5. Consists of protons and neutrons in the atom. (Answer: Nucleus)

Chapter 8: Turkish Educational Quiz Genera-
tion

Figure 8.6: Illustrative content—question pair for photo-
synthesis

Translation of Content: [10], [11]

* (a) Source Content: Photosynthesis occurs in 2 stages. In the first
stage, ATP is produced from solar energy, and in the second stage, the
produced ATPs are used in nutrient synthesis. The first stage is called
light-dependent reactions. The second stage is called light-independent
reactions.

* (b) Multiple-choice question: What is produced in the first stage of
photosynthesis, which occurs with light-dependent reactions?
Choices: A. ATP, B. Glucose, C. Carbon dioxide.
Right Answer: ATP.
* (c) Short-answer question: In which stage does ATP production occur
in photosynthesis?

Answer: Light-dependent reactions.

Chapter 9: Persian Multiple-Choice Question
Generation

Figure 9.2: The three-stage prompt cascade

Translation of Persian Markers in Prompt Structure: [12], [13]
* Pasokh-e Sahih: Correct Answer.
* Pasokh-e Ghalat: Incorrect Answer / False Answer.
x Alef: A (First choice).
* Be: B (Second choice).
Jim: C (Third choice).

*
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* Dal: D (Fourth choice).

Here is the LaTeX code for a comprehensive ** Appendix: Experimental Hy-
perparameters**,

This section aggregates the training details from your various papers (English,
Italian, Turkish, Arabic, Persian, and Syntax Feedback). I have standardized
the hardware description as requested and filled in parameters where explicitly
available in your sources. For the older GPT-3 experiments (English/Italian
legacy), I utilized the standard API parameters mentioned in your methodology
sections.






Appendix D

Experimental Hyperparameters and
Training Details

This appendix provides a comprehensive overview of the training configura-
tions, hyperparameters, and computational resources utilized across the exper-
iments presented in this thesis. To ensure reproducibility and transparency, we
detail the settings for both the proprietary API-based models (e.g., GPT-3.5)
and the open-source models fine-tuned via Parameter-Efficient Fine-Tuning
(PEFT).

D.1 Computational Infrastructure

Unless otherwise noted, all experimental fine-tuning and inference tasks for
open-source models were conducted on a uniform hardware setup to ensure
consistency.

+ Hardware: A dedicated server node equipped with dual NVIDIA RTX
A6000 GPUs.
x+ GPU Memory: 48 GB GDDR6 per GPU (96 GB total VRAM).

+ Frameworks: Experiments were implemented using PyTorch, Hugging-
Face Transformers, and the PEFT library. Training acceleration was man-
aged using DeepSpeed (ZeRO-2/3) and FlashAttention-2 where applicable.

D.2 Part I: Crossword Generation Models

D.2.1 English and Italian (Legacy Answer-Only)

For the initial experiments involving answer-conditioned generation (generat-
ing clues from keywords without context), we utilized the OpenAl Fine-tuning
APIL

D.2.2 Arabic Crossword Generation (Text-Conditioned)

For the Arabic-Clue-Instruct experiments (Chapter 7), we fine-tuned Llama-
3-8B-Instruct using higher rank adapters to accommodate the complexity of
the Arabic script and morphology.
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Hyperparameter Value
Models GPT-3 (Davinci, Curie), GPT-2 XL
Optimizer Adam (Default)
Batch Size 16
Learning Rate Multiplier | 0.01 to 0.1 (Adaptive)
Epochs 3
Prompt Loss Weight 0.1

Table D.1: Hyperparameters for Legacy Answer-Only Generators (English & Italian).

Hyperparameter | Value

Base Model Llama-3-8B-Instruct
PEFT Method LoRA

LoRA Rank (r) 32

LoRA Alpha («) 64

LoRA Dropout 0.05

Batch Size 128 (Global effective batch size)
Learning Rate 3x 107

LR Scheduler Cosine

Epochs 3

Inference

Temperature 0.1

Top-p 0.95

Top-k 50

Table D.2: Training details for Arabic Text-to-Clue generation.

D.2.3 Turkish Crossword Generation

For the Turkish T4TAC experiments (Chapter 6), we utilized Llama-2 mod-
els. The agglutinative nature of Turkish required specific attention to leakage

prevention during validation, but standard LoRA parameters proved effective

for generation.
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Hyperparameter | Value
Base Models Llama-2-7b-chat, Llama-2-13b-chat
PEFT Method LoRA
LoRA Rank (r) 16
LoRA Alpha («) 32
Batch Size 64
Learning Rate 1x107¢
Epochs 3
Target Modules q_ proj, v_ proj

Table D.3: Training details for Turkish Crossword Generation.

D.3 Part IT: Question Generation (MCQ & SAQ)

D.3.1 Turkish Educational Quiz Generation

For generating MCQs and SAQs in Turkish (Chapter 8), we maintained con-
sistency with the crossword parameters to evaluate cross-task transferability
of configurations.

Hyperparameter Value

Base Models Llama-2-7b-chat, Llama-2-13b-chat
Method LoRA

Rank (r) / Alpha (a) | 16 / 32

Learning Rate 1x1074

Batch Size 64

Epochs 3

Comparison Model GPT-3.5-Turbo (Fine-tuned via API)
Batch Size 16

Learning Rate 0.001

Epochs 3

Table D.4: Hyperparameters for Turkish Quiz Generation (MCQ & SAQ).

D.3.2 Persian Multiple-Choice Generation

For Persian (Chapter 9), we experimented with newer architectures (Gemma-2,
Mistral-v0.3, Llama-3.1). We increased the sequence length to accommodate
the verbosity of Persian educational texts and the prompt structure.
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Hyperparameter

Value

Base Models
LoRA Rank (7)
LoRA Alpha («a)
Learning Rate
Weight Decay
Scheduler

Batch Size

Gradient Accumulation
Max Sequence Length

Epochs
Optimization

Llama-3.1-8B, Gemma-2-9B, Mistral-7B-v0.3
16

32

1x1074

1x1074

Cosine

4 (per device)

4 steps

3500 tokens

3

DeepSpeed ZeRO-2, FlashAttention-2

Table D.5: Training details for Persian MCQ Generation.

D.4 Part III: Automated Syntax Feedback

For the English syntax feedback task (Chapter 10), we required higher pre-
cision to handle the JSON schema and specific grammatical rule adherence.

Consequently, we utilized a higher LoRA rank and a larger learning rate com-
pared to the QG tasks.

Hyperparameter | Value

Base Models Llama-2-7B, Llama-2-13B, Mistral-7B-v0.2
LoRA Rank (r) 32

LoRA Alpha («) 64

Batch Size 16

Learning Rate 3x 1074

Warmup Ratio 0.1

LR Scheduler Cosine

Epochs 3

Inference

Temperature 0.3 (Reduced for deterministic JSON structure)
Top-p 0.95

Top-k 50

Table D.6: Training details for Syntax Feedback Generation.
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