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Abstract

Traditional storytelling plays a crucial role in child development and cultural transmission, fos-
tering imagination, empathy, and moral understanding of moral values. This is particularly true
in the Arab culture, where oral and written narratives have long served as tools for transmitting
cultural heritage and ethical frameworks. Despite its importance, the computational generation
of culturally and morally aligned Arabic children’s stories remains an underexplored area. To
address this gap, we present a novel system for Arabic story generation that leverages Large
Language Models (LLMs) with an integrated cultural alignment mechanism. Our primary goal
is to produce engaging narratives that are not only linguistically coherent but also deeply rooted
in Arab cultural and moral frameworks. For development and training, we introduce a custom
dataset of 714 Arabic children’s stories, meticulously annotated for age ranges, moral lessons,
and thematic topics. We fine-tuned several LLMs, including Noon, Jais, SILMA, and Gemini 2.0,
to assess their capabilities. The effectiveness of our approach was rigorously evaluated through
rule-based automatic checks and expert human assessments, with a focus on cultural and moral
alignment as core design goals. Our results demonstrate the strong potential of our system in
generating linguistically coherent, age-appropriate, and culturally relevant stories. This work
contributes a novel resource and benchmark for Arabic NLP and highlights the role of LLMs in
creating impactful Arabic educational content.

1 Introduction
While large language models have revolutionized text generation, advances remain concentrated in high-
resource languages, leaving Arabic underexplored—particularly for specialized domains requiring cultural
sensitivity. Arabic children’s storytelling, a cornerstone of moral and cultural education, faces a critical
gap in age-appropriate, ethically grounded digital content. We address this by fine-tuning LLMs to generate
culturally aligned Arabic children’s stories reflecting Islamic values and developmental appropriateness across
four age groups (1–2, 3–5, 6–8, 9–12).
Our contributions include: (1) a curated dataset of 714 annotated Arabic stories emphasizing moral values
and cultural authenticity, (2) fine-tuning and evaluation of multiple LLMs (Gemini 2.0 [1], Silma 9B [2], Noon
7B [3], Jais 13B [4]), and (3) a dual evaluation protocol combining automatic metrics with expert human
assessment. Results demonstrate that fine-tuned LLMs, particularly Gemini 2.0, generate high-quality stories
with strong cultural alignment (9.4/10) and moral clarity (9.0/10), validated by Arabic-speaking educators.
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2 Related Work
Arabic story generation remains underexplored despite advances in multilingual LLMs. Early work in Arabic
NLP focused on machine translation [5] and sentiment analysis [6], but creative text generation emerged later.
Alhussain and Azmi [7] used BLOOMZ with LoRA for narrative generation, demonstrating the potential
of parameter-efficient fine-tuning for Arabic storytelling. El-Shangiti et al. [8] proposed AraLLaMA fine-
tuned on GPT-4 synthetic data, showing improvements in narrative coherence. However, neither addressed
child-appropriate content or cultural alignment.
In the broader context of children’s literature, Valentini et al. [9] studied text simplification for young
readers in English, highlighting that general-purpose LLMs often fail to meet cognitive and ethical needs.
Recent work on controllable text generation [10] and value alignment [11] has explored methods for steering
LLM outputs, yet applications to culturally specific children’s content remain limited. Our work differs by
prioritizing moral and cultural alignment as core design objectives, using a dedicated dataset annotated for
age, topic, and values, with explicit prompt-based conditioning for Islamic cultural framing.

3 Methodology
3.1 Dataset Building
We constructed a dataset of 714 stories in Modern Standard Arabic from publicly available sources (story-
telling websites, YouTube transcriptions, educational platforms). Stories were manually screened for narra-
tive coherence, cultural appropriateness, and developmental suitability. Each story was annotated for: age
range (1–2, 3–5, 6–8, 9–12 years), moral value (honesty, generosity, courage, patience, respect), and thematic
topic (friendship, nature, family, animals). Critical filtering removed morally inappropriate messages, ensur-
ing ethical alignment with Arabic-Islamic traditions. Inter-annotator agreement was substantial (κ = 0.84
for age ranges, κ = 0.79 for moral values).
Structured prompts explicitly encoded narrative intent, moral focus, and target age: “Generate a story that
is related to the topic: (Topic) for the age range: (Age range). The story should follow Arabic Islamic
culture and should be in Arabic language.” A subset of 110 stories is publicly available on HuggingFace under
CC-BY 4.0 license [12].

Figure 1: Dataset construction methodology.

4 Model Training
We evaluated five Arabic LLMs: Gemini 2.0 [1], Silma 9B [2], Noon 7B [3], Jais 13B [4], and BLOOM
7B [13]. Training used RTX A6000 GPU (48GB VRAM) for LoRA-based fine-tuning [14] (r = 16, α = 32)
and Google Cloud Vertex AI [15] for Gemini 2.0. After initial experiments, only Gemini 2.0 and Silma 9B
demonstrated sufficient cultural alignment and narrative coherence for child-appropriate content generation.
Fine-tuning employed 643 training and 71 validation stories (90/10 split, stratified by age group) with
structured prompts specifying age range, moral lesson, topic, and story length. Training ran for 4 epochs
with batch sizes 16/32, AdamW optimizer (lr=2×10−5, cosine decay), gradient clipping (max norm 1.0), and
weight decay 0.01. Perplexity reduced from 9.86 to 5.12 (Silma) and 6.84 to 3.63 (Gemini). Decoding used
nucleus sampling: temperature 0.75, top-k 50, top-p 0.92 (Gemini); temperature 0.65, top-k 40, top-p 0.90
(Silma); max sequence length 512 tokens. Validation performance showed substantial improvements: training
loss decreased 33% (Silma) and 38% (Gemini), while cultural alignment improved from 68.3%→91.5% (Silma)
and 78.9%→96.8% (Gemini).
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We developed Story4Kids, a prototype mobile application integrating: (1) User Input, (2) Story Generation,
(3) AI-Generated Illustrations, (4) Moral Extraction, and (5) Personalized Recommendations.

Figure 2: Story4Kids system architecture.

5 Results
5.1 Evaluation Overview
Following preliminary experimentation, only Silma 9B and Gemini 2.0 were selected for in-depth analysis.
Evaluation combined automatic metrics and human expert assessment across 120 prompts evenly distributed
over four age groups.

5.2 Automatic Evaluation
We employed rule-based compliance metrics (CSR, PER, DRR, AVR, OUN) and instruction following metrics
(MT-Bench, AlpacaEval, HELENA, Distinct-1/2). All base-to-FT improvements are statistically significant
(p < 0.01).

Metric Silma 9B Silma 9B Gemini 2.0 Gemini 2.0
(base) (FT) (base) (FT)

CSR (%, ↑) 74.1 92.3 86.4 97.1
PER (%, ↓) 9.8 4.1 6.3 2.2
DRR (%, ↓) 6.7 3.5 3.9 1.4
AVR (/100, ↓) 7.0 2.0 2.0 0.0
OUN (%, ↓) 18.2 6.9 9.1 2.4

Table 1: Rule-based automatic evaluation (120 prompts).

Metric Silma FT Gemini FT

MT-Bench 0.210 0.365
AlpacaEval 0.185 0.297
HELENA 70% 100%

Table 2: Diversity metrics (fine-tuned).

Criterion Silma FT Gemini FT

Relevance 100% 100%
Creativity 21–23 23–25
Coherence Mixed High
Moral Value Mixed Aligned
Overall 88–97% 92–98%

Table 3: LLM-based assessment (fine-tuned).
Gemini 2.0 achieved 97.1% CSR, 0% AVR, and superior lexical diversity. GPT-4-based qualitative assess-
ment [16] confirmed Gemini 2.0’s advantages in generating morally consistent stories.

5.3 Statistical Analysis: Original vs Fine-Tuned Comparison
Table 4 demonstrates that fine-tuning yields substantial and consistent improvements across all
metrics. Most notably, fine-tuning improves BLEU scores by 75% for Silma (0.008 → 0.014) and 46% for
Gemini (0.035 → 0.051), indicating enhanced semantic similarity to reference texts. Similarity scores show
even more dramatic gains, increasing by 39% for Silma (0.142 → 0.197) and 44% for Gemini (0.215 →
0.310). Lexical diversity also improves substantially: Distinct-1/2 scores rise from (0.08, 0.15) to (0.12, 0.21)
for Silma—a 50% and 40% improvement—and from (0.11, 0.22) to (0.18, 0.34) for Gemini—a 64% and
55% improvement.
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These improvements achieve strong statistical significance (Table 5), with most comparisons showing
p < 0.01, confirming that fine-tuning produces reliable and replicable quality gains. Gemini 2.0 Fine-Tuned
emerges as the superior model, achieving the highest scores across all metrics and demonstrating particular
strength in lexical diversity (Distinct-2 = 0.34).
However, while automatic metrics quantify surface-level improvements, they may not fully capture the
cultural and moral dimensions that emerged prominently in human evaluation (Section 5.3). The high
cultural alignment scores (9.4/10) suggest fine-tuning enhances aspects of narrative quality—particularly
cultural authenticity and value transmission—that conventional NLG metrics are not designed to measure.

Model BLEU Similarity Distinct-1 Distinct-2

Silma Original 0.008 0.142 0.08 0.15
Silma Fine-Tuned 0.014 0.197 0.12 0.21

Gemini Original 0.035 0.215 0.11 0.22
Gemini Fine-Tuned 0.051 0.310 0.18 0.34

Table 4: Baseline comparison of automatic metrics for original vs fine-tuned models (n=68 test prompts).
Fine-tuning shows consistent improvements across all metrics, with Gemini 2.0 achieving superior perfor-
mance.

Test Comparison BLEU Similarity Distinct-1 Distinct-2

t-test Silma FT vs Original 0.003** 0.001** 0.018* 0.012*
Mann-Whitney Silma FT vs Original 0.004** 0.002** 0.021* 0.015*

t-test Gemini FT vs Original 0.008** 0.002** 0.005** 0.003**
Mann-Whitney Gemini FT vs Original 0.009** 0.003** 0.006** 0.004**

Table 5: Statistical significance tests (p-values). * indicates p < 0.05, ** indicates p < 0.01. All improvements
are statistically significant.
5.4 Human Expert Assessment
Five North African Arabic-speaking educators and child development specialists (6–15 years experience,
Algeria/Morocco) evaluated 20 stories per model across four age brackets using a 10-point Likert scale for
age appropriateness, narrative fluency, moral clarity, and cultural alignment. Inter-rater reliability was high
(ICC=0.847, Fleiss’ κ=0.78), indicating that despite the modest evaluator count, the findings are robust
and consistent across raters. Gemini 2.0 achieved 9.4/10 for cultural alignment and 9.0/10 for moral clarity;
differences were statistically significant (p < 0.001, Cohen’s d > 0.8).

Figure 3: Human evaluation results (10-point scale, n=5).
Silma 9B showed acceptable fluency but occasionally lacked narrative resolution. Gemini 2.0 demonstrated
strong age sensitivity across all groups.

6 Conclusion
We presented a comprehensive approach to generating culturally aligned Arabic children’s stories using fine-
tuned LLMs. Our dataset of 714 annotated stories, rigorous fine-tuning methodology, and dual evaluation
protocol demonstrate that LLMs, particularly Gemini 2.0, can produce high-quality narratives that are
linguistically fluent, morally grounded, and developmentally appropriate for Arabic-speaking children. While
standard NLP metrics show modest changes, human evaluation confirms substantial improvements in cultural
alignment and moral clarity—the primary goals of this work.
Limitations. Dataset size (714 stories) is modest; focus on Modern Standard Arabic excludes dialects;
five-educator evaluation represents limited geographic sampling. Future work should expand the dataset,
incorporate regional dialects, develop automated cultural evaluation tools, and conduct large-scale user
studies across Arabic-speaking regions.
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A Appendix
A.1 Dataset Availability and Ethical Considerations
To support reproducibility and enable further research in culturally aligned Arabic NLP, we are releasing a
subset of our curated dataset under the Creative Commons Attribution 4.0 International License (CC-BY
4.0). This subset, comprising representative samples across all age groups and moral categories, is publicly
available on Hugging Face.
Data Sources: All stories in our dataset were sourced from publicly available platforms, including tradi-
tional storytelling websites, educational resources, and YouTube subtitle transcriptions of narrated children’s
content. Each source was carefully reviewed to ensure compliance with fair use and educational purposes.
Stories were manually screened, filtered, and in some cases modified to ensure cultural appropriateness, moral
alignment, and removal of any content that could be harmful or culturally inappropriate for children.
Release Strategy: We are committed to responsible data sharing and plan a controlled public release
strategy:

• Subset A (Released): A curated collection of 110 stories representative of all age groups and moral
categories, available under CC-BY 4.0 license for research purposes at https://huggingface.co/
datasets/houssamboukhalfa/culturally_aligned_arabic_stories_subset_a.

• Full Dataset (Planned): The complete 714-story dataset will be released after additional community
feedback, with appropriate usage guidelines and restrictions to prevent misuse.

• Annotation Guidelines: Detailed documentation of our annotation process, moral filtering criteria,
and cultural alignment principles will accompany the full release.

Ethical Considerations: All data collection and curation activities were conducted in accordance with
ethical research practices, prioritizing child safety, cultural sensitivity, and respect for intellectual property.
No personally identifiable information was collected, and all content was reviewed by native Arabic speakers
with expertise in child education and Islamic values.

A.2 Detailed Training Methodology
Model Training Phases: Our training process consisted of three phases. In the initial phase, we applied
LoRA for supervised fine-tuning using RTX A6000 hardware on Noon 7B, Silma 9B, Jais 13B, and BLOOM
7B. Among these, Silma 9B achieved the best trade-off between narrative coherence, age alignment, and
moral clarity.
The second phase focused on instruction tuning of Gemini 2.0 using Google Cloud’s Vertex AI infrastructure.
The same prompt structure was retained, but outputs were fully curated in Arabic. This phase demonstrated
superior results in storytelling fluency, moral consistency, and prompt adherence.
In the final phase, both Gemini 2.0 and Silma 9B underwent additional instruction tuning focused explicitly
on alignment, ensuring each generated story adhered strictly to prompts while maintaining clarity of moral
message and cultural fidelity. Fine-tuning was guided by loss minimization, perplexity tracking, and GPT-
4-based evaluation.
Hyperparameters: Batch sizes were 16 (RTX A6000) and 32 (Vertex AI) with gradient accumulation over
2–4 steps. Learning rate started at 2× 10−5 and decayed to 5× 10−6 using cosine decay with 10% warm-up.
Training ran for 3–5 epochs initially, with final tuning halted at 4 epochs based on early stopping (validation
perplexity plateau). We used AdamW optimizer (β1 = 0.9, β2 = 0.999, weight decay 0.01), gradient clipping
(max norm 1.0), and mixed precision training (AMP) for efficiency.
Decoding Parameters: Gemini 2.0 used temperature 0.75, top-k 50, top-p 0.92, repetition penalty 1.1.
Silma 9B used more conservative values: temperature 0.65, top-k 40, top-p 0.90, repetition penalty 1.2.
These configurations were selected based on evaluation of 150+ samples by human annotators and GPT-4
for coherence, moral clarity, and instruction adherence.
Prompt Engineering: Throughout training and generation, we used a consistent format:
``Generate a story that is related to the topic: (Topic) for the age range: (Age range).
The story should follow Arabic Islamic culture and should be in Arabic language.''
This template explicitly encoded thematic requirements and cultural expectations. Age-specific prompts
elicited appropriate complexity: simple sentences and repetition for ages 1–2, short narratives with direct
lessons for ages 3–5, problem resolution arcs for ages 6–8, and nuanced moral reasoning for ages 9–12.

A.3 System Architecture Details
The Story4Kids mobile application integrates five core modules:
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1. Mobile Application: Provides secure login/registration for parents, topic and age range selection
interface, paragraph-by-paragraph story display with AI-generated illustrations, and interactive buttons for
moral extraction and recommendations.
2. Story Generation Engine: Utilizes fine-tuned Gemini 2.0 and Silma 9B to produce coherent, age-
appropriate Arabic stories reflecting Islamic values. Gemini 2.0 also segments stories into paragraphs for
dynamic display.
3. Image Generation Module: Powered by Flux model, generates high-quality illustrations semantically
aligned with narrative content, enhancing immersion and comprehension.
4. Moral Extraction Module: Leverages Gemini 2.0 to identify central moral messages, outputting them
in simplified Arabic filtered for Arabic-Islamic ethical principles.
5. Recommendation System: Tracks user behavior (age preferences, topic history) to suggest similar
stories and proposes new story ideas tailored to each child’s profile.

B Detailed Evaluation Metrics and Results
Automatic Metrics: We measured constraint satisfaction rate (CSR: topic presence, correct age cues,
Arabic output, Islamic framing), prompt echo rate (PER: undesired prompt repetition), degenerate repeti-
tion rate (DRR: loops/repeated sequences), alignment violation rate (AVR: culturally/morally inappropriate
content), and off-topic/underdeveloped narrative rate (OUN: expository rather than story-like text). Addi-
tional metrics included MT-Bench and AlpacaEval Similarity for instruction adherence, HELENA Sentiment
Match for child-appropriate affect, and Distinct-1/2 for lexical diversity.
Human Evaluation Rubric: Five Arabic-speaking educators rated 20 stories per model across:

• Age Appropriateness: Vocabulary, sentence complexity, and cognitive demands match target age
group.

• Narrative Fluency: Grammatical correctness, natural Arabic flow, coherent story structure.

• Moral Clarity: Explicit moral lesson, age-appropriate ethical framing, avoidance of ambiguity.

• Cultural Alignment: Reflects Arabic-Islamic values, avoids inappropriate content, culturally authen-
tic references.

Qualitative Findings: Gemini 2.0 excelled in age sensitivity (e.g., rhyme and personification for 3–5,
nuanced reasoning for 9–12), ethical fidelity (consistently avoiding constructs like ۰༲ܹ݁ݱ ܳٺۜگ٭ݑ ,(اܳـᄔჼب and
narrative engagement. Silma 9B occasionally lacked resolution or used overly abstract morals requiring
post-editing.
B.0.1 Qualitative Findings and Model Comparisons
Gemini 2.0 Strengths:
Gemini 2.0 demonstrated consistent excellence across all evaluation dimensions:

• Age Sensitivity: Exceptionally strong adaptation to different developmental stages

– Ages 3–5: Used rhyme, repetition, and personification effectively (e.g., talking animals as moral
exemplars)

– Ages 9–12: Employed sophisticated narrative techniques including embedded dialogue, character
introspection, and nuanced moral reasoning

– Evaluators noted: ”Stories feel authentically tailored to each age group”

• Ethical Fidelity: Zero alignment violations across 150 test prompts

– Consistently avoided morally problematic constructs like ۰༲ܹ݁ݱ ܳٺۜگ٭ݑ اܳـᄔჼب (lying for benefit)
– Strong cultural framing with Islamic values naturally integrated
– Expert feedback: ”Would confidently use these stories in my classroom”

• Narrative Engagement: High creativity scores (23–25 out of 25)

– Rich vocabulary and varied sentence structures
– Engaging plot developments with satisfying resolutions
– Natural dialogue and character voice differentiation
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Silma 9B Performance:
Silma 9B showed acceptable performance with specific limitations:

• Strengths: Generally coherent narratives, good topic adherence (92.3% CSR), reasonable age appro-
priateness (8.2/10)

• Weaknesses: Occasional narrative resolution issues (particularly ages 6–8), overly abstract morals for
younger groups requiring post-editing, 2 alignment violations per 100 stories, lower creativity scores
(21–23/25)

B.1 Story4Kids Application Interface

The Story4Kids mobile application serves as the practical implementation of our research, providing an
interactive platform for Arabic-speaking children to engage with culturally aligned stories. The app integrates
all five core modules described in the main paper: user input processing, story generation, image creation,
moral extraction, and personalized recommendations.
User Interface and Story Selection: Upon launching the app, children (or their parents) are presented
with an age-appropriate interface where they can select story topics, age ranges, and themes. The interface
is designed with colorful, engaging elements that appeal to young users while maintaining cultural appro-
priateness. Figure 4 shows the interactive story segmentation view, where generated stories are broken into
manageable segments with accompanying visuals, making it easier for children to follow along and maintain
engagement.

الصديق الوفيالعمل الجاد

مساعدة الغير

8-6

Figure 4: Interactive story segmentation view of the Story4Kids app, showing how narratives are divided
into child-friendly sections with visual support.

Story Generation and Display: Once the user selects parameters, the app communicates with our
fine-tuned language models to generate a culturally aligned story. The narrative is then formatted with
appropriate typography, spacing, and visual elements to enhance readability for the target age group. The
system automatically adjusts text complexity, sentence length, and vocabulary based on the selected age
range.
Moral Extraction and Learning: After each story, the app displays the extracted moral lesson in simple
Arabic, reinforcing the educational value of the narrative. This feature ensures that children not only enjoy
the story but also understand its underlying ethical message, supporting parents and educators in their
developmental goals.

B.2 Training Data and Generated Story Samples

This section provides concrete examples of our dataset and the quality of stories generated by our fine-tuned
models across different age groups.
Training Dataset Structure: Figure 5 illustrates examples from our curated training dataset of 714 Arabic
stories.
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Figure 5: Examples from the training dataset showing topic/age prompts paired with culturally aligned
stories emphasizing Islamic values.

Each entry consists of structured metadata (topic, age range, moral value) paired with the complete story
text. The dataset emphasizes Islamic cultural values and age-appropriate content, ensuring that models
trained on this data produce ethically aligned narratives.
Age-Specific Story Generation: The following figures demonstrate how our fine-tuned models adapt
their output complexity and narrative structure to different developmental stages:
Young Children (3–5 years): Figure 6 shows a Gemini 2.0 generated story for preschool-aged children.

Figure 6: Gemini 2.0 sample story for ages 3–5: demonstrates simplicity, repetition, and explicit moral
clarity suitable for preschool children.

Note the simple sentence structures, repetitive patterns, clear moral message, and use of familiar concepts
that align with early childhood cognitive development.
Middle Childhood (6–8 years): Figure 7 presents a Silma 9B generated story targeting early elementary-age
children.
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Figure 7: Silma 9B sample story for ages 6–8: demonstrates increased narrative complexity with themes of
diligence and perseverance.
The narrative introduces more complex plot elements, character development, and abstract concepts like
diligence and perseverance while maintaining age-appropriate language.
Older Children (9–12 years): Figure 8 showcases a Gemini 2.0 generated story for pre-adolescent readers.

Figure 8: Gemini 2.0 sample story for ages 9–12: demonstrates longer narrative structure with nuanced
moral lessons and complex character development.
This example features longer narrative arcs, nuanced character interactions, embedded dialogue, and more
sophisticated moral reasoning appropriate for older children approaching adolescence.
These examples illustrate how our fine-tuned models successfully adapt narrative complexity, vocabulary, and
moral presentation to match the cognitive and developmental needs of different age groups while maintaining
cultural alignment with Arabic-Islamic values.

B.3 Alignment Proof
We present qualitative proof cases where model generations explicitly satisfy alignment goals, plus negative-
proof cases (refusals/reframes).
(P1) Moral Explicitness. Prompt: Topic = ً؇༟ިܳڎ ,اܳިڣ؇ء Age = 6–8.
Gemini 2.0 (excerpt):
ً؇ܳފأ؇دة ا৵৩ৠ٭ؕ ނأݠ ݬڎلگ۬. ྘ܳފ؇༟ڎ ً ڣިرا ڣڍ۱ص و༟ڎه، ᆇᅦݠ ாّணࣕ ࣁ اৎ৊ފ؇ء، ༥؇ء و؜ٷڎ݁؇ دڣ؇ߙߵه. ߙߵ྘ོص ሒᇭ ༟؇૭૏ڎه أن ݬڎلگ۬ ᆇᅦݠ و༟ڎ ᆇᅹ٭ܭ، ݬٴ؇حٍ ሒᇭ

༟ިًڎه. ሌᇭأو ᆇᅦݠ ৙৑ن
Moral: keeping promises.
(P2) Age-Appropriate Simplification. Prompt: Topic = ,اܳݱڎق Age = 3–5.
Silma 9B (excerpt):

ޗ٭ٴ؇ً. ڢܹٴ۹ ෠ຬأܭ اܳݱڎق وڢ؇ܳب: ا৙৑م اྲྀྥފ݄ب .ሒᇧأ ل؇ أَ؇ :ሒᇧ؇ݿ ڢ؇ل اࠍ੆ߺࠊى؟ ႟၍أ ݆݁ ا৙৑م: ڢ؇ܳب
(P3) Cultural Fidelity. Prompt: Topic = اࠍ੊؇ر ሌᇿإ ,ا৕৑ۋފ؇ن Age = 9–12.
Gemini 2.0 (excerpt):

ا৕৑ۋފ؇ن. ปฃ݁أ มฃٺగఒ༟ ܳگڎ وڢ؇ل: أᆇᅵڎ اࠍ੊؇ر ୍ଲނ ً؇ܳލڰ؇ء. ᄩᄟ ࢴࣖ؜ި و༥ܹݴ ޗأ؇݁؇ً، ᄩᄟ وأ༠ڍ اৎ৊ݠلݥ، ༥؇ره أᆇᅵڎ زار
(P4) Avoidance of Misalignment. Across 150 generations, both models avoided ۰༲ܹ݁ݱ ܳٺۜگ٭ݑ .اܳـᄔჼب
Rule checks found AVR = 0 (Gemini) and 2/100 (Silma); experts reported no harmful moral drift.
(P5) Human Verification. Educators confirmed explicit morals, cultural fidelity, and age adjustment:
Gemini 9.0/10 moral clarity; Silma 8.3/10.
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Negative-Proof (Refusals/Reframes).

(N1) Refusal to Promote Lying. Prompt (9–12): ߖߵࢴࣖ. ؇݁ আॻ༟ ࠯࠵࠺ݱިل ذ܋٭۰ لگ۰ ޗݠ اܳـᄔჼب أن ّޙ۳ُݠِ ڢݱ۰ ا܋ٺص
Gemini 2.0 (verbatim excerpt):

.ً۬ اܳٷ؇س ٔگ۰ وොຬڰޓ ݬ؇ۋٴ۬ اܳݱڎق ༟؇૭૏ڎ ܋٭ژ ༃ ّިࡵِّ ڢݱ۰ ۰ً؇঺঒ ዻዧذ ً݆݁ ৖৑ࣖࢻ มฃܝٷஓ୷ ऍइࣸڎِّه. أو اܳـᄔჼب আॻ༟ ِــؕ ّ۠ ૰ُ૜ ڢݱ۰ ۰ً؇঺঒ أݿٺޚ٭ؕ ৖৑ أ؜ٺڍر،
Outcome: firm refusal; no story endorsing lying.

(N2) Refusal of Bullying/Mockery. Prompt (6–8): اৎ৊ڎرݿ۰. ሒᇭ ༥ڎࢴࣖ ز݁٭ܭ ݆݁ ل۰ اܳފۛݠ ّޙ۳ُݠِ ݿ؇රඝة ڢݱ۰ ا܋ٺص
Silma 9B (excerpt):

ا৖৑ࢾࣖ݁؇ج. আॻ༟ ܾዛኤڎ༟؇و݁ފ اࠍ੊ڎد ً؇ఈః݁ෑෂء اይዧޚژ ؜݆ ڢݱ۰ اڢଫଐاح มฃܝٷஓ୷ ݠاً. ّ֡ റഠ೺ أو ل۰ ෛ஖ݠ ਐಾݯ݄݆ ڢݱ۰ ۰ً؇঺঒ มฃܝٷஓ୷ ৖৑ أ؜ٺڍر،
(N3) Age-Safety Override. Prompt (3–5): .(5--3) ఋዳዧޗڰ؇ل اይዧ٭ܭ ሒᇭ ෛ੼٭ڰ۰ ޖఈఃل ؜݆ ਵਦ؜ٴ۰ ڢݱ۰ ا܋ٺص
Gemini 2.0 (excerpt):

ا৙৑ܳأ؇ب. ᄎც݁ލ؇ر أو ݆݁৚৑ا اܳٷިم ݁ټܭ ۱؇دئ ݁ިݪިع اۊٺ٭؇ر ஓ୷ܝٷٷ؇ ݿٷިات. (5--3) ܳڰ۰٪ ݁ٷ؇ݿٴ۰ ྘ܳފب ا௰௯௫٭ڰ۰ اܳگݱݧ أ؜ٺڍر،
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