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Abstract. The increasing popularity of Artificial Intelligence (AI) in education 

has transformed learning methodologies by enabling personalized and interactive 

experiences. However, over-reliance on generative AI technologies has raised 

concerns about the decline of critical thinking skills, particularly among elemen-

tary school students in mathematics. To address this issue, an AI-based educa-

tional system is proposed to enhance critical thinking and cognitive reasoning 

abilities among sixth-grade students. The system employs storytelling and So-

cratic questioning to promote engagement and cognitive development. It is built 

on Large Language Models (LLMs) for text and image generation, incorporating 

external knowledge to improve accuracy and reduce errors. Through the integra-

tion of mathematical story generation and contextual visual representations, the 

system aims to foster deeper learning and problem-solving skills among young 

learners. 

Keywords: Artificial Intelligence (AI), Education, Critical Thinking, Elemen-

tary School Students, Mathematics, Socratic Questioning, Large Language 

Models (LLMs), Text Generation, Image Generation, Mathematical Storytell-

ing, AI-based Learning Systems. 

1  Introduction 

The rapid adoption of Artificial Intelligence (AI) in education has enabled personalized 

learning and scalable instructional support. While AI-assisted tools offer clear benefits, 

concerns have emerged regarding their impact on students’ analytical and critical think-

ing skills, particularly in mathematics education [1]. Generative AI systems, when used 

for direct answer generation, risk promoting surface-level learning rather than reason-

ing-based understanding, especially among elementary school learners. Addressing this 

challenge requires educational approaches that prioritize reasoning and cognitive en-

gagement over solution delivery. Storytelling and Socratic questioning have been 

shown to support structured reasoning by encouraging reflection, problem decomposi-

tion, and active participation in learning [2]. This work investigates the use of AI-driven 

methods that integrate these pedagogical strategies to support critical thinking and cog-

nitive development in elementary mathematics. 
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2 Related Work 

Recent advances in large language models (LLMs) have expanded their use in educa-

tional settings, particularly for mathematical reasoning, explanation generation, and di-

alog-based learning. Early research has largely focused on English-language bench-

marks and models. 

To improve reasoning consistency in Math Word Problem (MWP) solving, [3] pro-

posed a Retrieval-Augmented Generation (RAG) approach starts by classifying the user 

prompt to identify requested domain and retrieves relevant context along with the so-

lution steps in this approach domain-specific examples and solution steps to guide 

Large Language Model Meta AI (LLaMA). Evaluation using an LLM-as-a-judge 

framework and a proposed reasoning score demonstrated improved explanation coher-

ence and reasoning reliability. 

Socratic questioning has also been explored to promote deeper reasoning. The So-

cratic Playground for Learning (SPL) integrates Generative Pre-trained Transformers 

(GPT) with Chain-of-Thought prompting refers to a technique in which language mod-

els are guided to generate a coherent sequence of intermediate reasoning steps that lead 

to a final answer [4] within an Intelligent Tutoring System to support multi-turn in-

structional dialogues, reporting improvements in critical thinking while noting limita-

tions in personalization. 

Story generation has been investigated as a pedagogical strategy for learning sup-

port. In [5], an expert-validated LLM pipeline was proposed for generating instructional 

stories and questions, with GPT-4 outperforming earlier models. However, the study 

identified reasoning errors and continued reliance on human oversight. 

Arabic-centric LLM development has recently gained attention. The Arabic large 

language model (ALLaM) [6] employs a balanced Arabic–English training corpus 

(45/45), demonstrating improved Arabic language understanding through large-scale 

training and combined automatic and human evaluation. 

For Arabic educational content, Arabic LLM (AraLLaMa) was fine-tuned for story 

generation using synthetic and translated datasets [5]. Automatic and human evalua-

tions revealed discrepancies between GPT-4–based metrics and human judgment, high-

lighting challenges in evaluating Arabic narrative generation. 

Image generation has been explored as a complementary modality for educational 

engagement. In [7], a framework combining GPT-4 for story generation and DALLE-

3 for character-consistent image creation demonstrated increased engagement, while 

revealing challenges in narrative–visual alignment. 

Overall, Prior work on mathematical reasoning, Socratic dialogue, story generation, 

and multimodal content has mostly been isolated and English-focused. Limited re-

search targets AI systems for Arabic learners. This work integrates story-driven expla-

nations, Socratic dialogue, and multimodal content to promote guided reasoning and 

sustained cognitive engagement rather than answer accuracy alone. 
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3 Methodology 

The proposed system is organized as a structured, multi-stage interaction that guides 

students from topic selection to reflective problem-solving through narrative ground-

ing, Socratic dialogue, and multimodal reinforcement. At a high level, a selected math-

ematical domain triggers retrieval of curriculum-aligned context, which is used to gen-

erate an open-ended mathematical story in Arabic. This story serves as a shared refer-

ence for both visual generation and interactive reasoning, culminating in a Socratic di-

alogue that encourages step-by-step analysis rather than solution delivery. The overall 

system workflow and model interactions are illustrated in Fig. 1, The following sections 

detail how data design, model specialization, fine-tuning experiments, and generation 

control mechanisms are combined to realize this end-to-end reasoning workflow. 

 

Fig. 1. High-level overview of the proposed reasoning-centered AI pipeline. 

3.1 Data And Model Selection 

The methodology relies on reasoning-supervised and retrieval-oriented datasets to sup-

port distinct stages of the reasoning-centered workflow. The Grade School Math 8K 

dataset (GSM8K) [8] provides grade-school mathematical word problems annotated 

with intermediate Socratic-style reasoning steps, enabling supervision of step-by-step 

reasoning. In contrast, Academia Sinica Diverse MWP Dataset (ASDiv) [9] consists of 

annotated problems labelled by grade level and type, supporting curriculum-aligned 

retrieval and contextual grounding during generation. To ensure linguistic and instruc-

tional consistency for the target learner population, both datasets are translated from 

English to Arabic using ALLaM. For ASDiv, Named Entity Recognition is applied to 

localize foreign names, followed by manual validation to preserve coherence. GSM8K 

samples are reformatted into structured User–Assistant dialogue templates to align the 

data with the intended Socratic interaction. 

Model selection follows a task-driven specialization strategy. Narrative generation 

is assigned to GPT-4o due to its ability to produce coherent, open-ended stories, while 

ALLaM handles mathematical reasoning and Socratic questioning, leveraging its align-

ment with Arabic educational content. LLaMA 3 is employed for scene decomposition 

and visual prompt preparation, while a diffusion-based model performs image synthe-

sis.  
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3.2 System Workflow and Reasoning Control 

To ensure that mathematical reasoning is expressed through guided inquiry rather than 

answer delivery, ALLaM is adapted for Socratic questioning using Parameter-Efficient 

Fine-Tuning (PEFT) a strategy designed to make task-specific adjustment without 

changing the full model’s parameters [10] In particular, Low-Rank Adaptation (LoRA) 

introduces low-rank matrices into the model's architecture, to capture task-specific in-

formation without modifying the full weight matrices [11]. Fine-tuning is treated as an 

experimental variable rather than a fixed configuration. Four variants are evaluated: a 

fully frozen base model (LoRA-only training) and models with the final 3, 4, or 7 trans-

former layers unfrozen. This controlled setup enables systematic analysis of the trade-

off between representational flexibility and stability, isolating the effect of partial un-

freezing on step-by-step Socratic reasoning. All configurations are trained under a uni-

fied setup to ensure comparability. 

To control generation quality and ensure curriculum alignment, the system integrates 

RAG as the entry point of the workflow [12]. As shown in Fig. 2, the student first 

selects a mathematical domain, triggering retrieval of topic-relevant examples from a 

vector store populated with ASDiv problems. Fig. 3 illustrates the learner-facing inter-

face for mathematical topic selection, which serves as the entry point for the retrieval-

augmented generation pipeline. Retrieved contexts ground the generation process and 

are passed to GPT-4o, which generates an open-ended mathematical story in Arabic. 

This story establishes a shared semantic context that anchors subsequent reasoning and 

multimodal stages. 

 

Fig. 2. The retrieval-augmented generation workflow used for story creation. 

 

Fig. 3. Mathematical domain selection interface used for curriculum-aligned MWP retrieval. 

For visual reinforcement, the generated story is segmented into scenes using LLaMA 

3, which performs entity extraction and location inference before translating the Arabic 

narrative into structured English prompts compatible with the diffusion model. These 
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prompts are passed to a LoRA-enhanced Flux Diffusion model, specifically LoRA-en-

hanced Flux Diffusion model variant built upon FLUX.1-dev [13] to generate con-

sistent, comic-style illustrations. An example of the generated visual narrative is shown 

in Fig. 4, demonstrating the transformation of the open-ended story into a comic-style 

illustration. 

 

Fig. 4. Example of a generated visual scene derived from the open-ended mathematical story. 

In parallel, the same story context is provided to the fine-tuned ALLaM model, 

which initiates a Socratic dialogue with the student. By grounding both visual synthesis 

and interactive questioning in a single narrative source, the system maintains coherence 

across modalities while guiding students through reflective, step-by-step mathematical 

reasoning. 

To enforce structured reasoning throughout interaction, multiple interconnected 

prompts are employed as a control mechanism across all generative stages. Multi-in-

struction templates coordinate story generation, Socratic questioning, hint generation, 

and visual prompts within a unified reasoning flow. During dialogue, prompt chaining 

governs the Socratic flow: student responses are evaluated relative to expected reason-

ing steps, and follow-up prompts adapt accordingly to guide reflection without reveal-

ing answers. When misconceptions arise, targeted hints scaffold understanding while 

preserving learner agency. 

4 Experimental Results and Evaluation 

This section evaluates the proposed system across dataset translation, model fine-tun-

ing, Socratic questioning, and image generation. Both automatic and subjective metrics 

are used to assess translation fidelity, reasoning quality, and multimodal alignment. 

4.1  Translation Quality 

Arabic translations generated using ALLaM were evaluated against Deep Translate ref-

erences using Bilingual Evaluation Understudy (BLEU) [14] and Metric for Evaluation 

of Translation with Explicit Ordering (METEOR) [15]. As shown in Table 1, GSM8K 

achieved BLEU/METEOR scores of 0.70/0.66, while ASDiv achieved 0.76/0.70, indi-

cating sufficient translation fidelity to support fine-tuning and retrieval-based genera-

tion. 
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Table 1. Dataset translation performance using BLEU and METEOR 

Dataset BLEU Score METEOR Score  

GSM8K 0.70 0.66 

ASDiv 0.76 0.70 

 

4.2 Fine-Tuned Model Evaluation 

ALLaM was fine-tuned under four configurations: a fully frozen base model (Model 

1), and variants with the final 3, 4, and 7 transformer layers unfrozen (Models 2–4). 

Automatic evaluation using BERTScore which computes a similarity score for each 

token in the candidate sentence with each token in the reference sentence [16] produced 

consistent results across all configurations (F1 ≈ 0.83), indicating stable semantic sim-

ilarity independent of the degree of unfreezing. In contrast, subjective evaluation using 

GPT-4o as an LLM-as-a-Judge revealed clearer differentiation. As shown in Table 2, 

Model 2 (last three layers unfrozen) achieved the highest average score (8.2/10). excel-

ling in several key areas, particularly in Usefulness, Relevance, and Logical Coherence. 

It can be observed that Model 2 was the most effective in generating responses that 

were both coherent and relevant, providing content that was not only useful but also 

logically consistent, suggesting that limited unfreezing improves reasoning quality 

while avoiding overfitting. 

Table 2. Subjective evaluation scores across ALLaM fine-tuning configurations 

Model Use-

fulness 

Rele-

vance 

Clar-

ity 

Depth Logical 

Coherence 

Aver-

age 

Model 1 7.60 7.60 7.47 6.60 8.93 7.84 

Model 2 7.80 7.80 8.40 6.87 9.07 8.20 

Model 3 7.67 7.67 8.20 6.80 9.07 8.11 

Model 4 7.47 7.47 8.07 6.47 8.73 7.85 

 

4.3 Socratic Questioning Evaluation 

Chatbot interactions were evaluated across usefulness, Socratic style, relevance, clarity, 

and logical sequence. While relevance (7.4) and clarity (7.2) were strong, lower scores 

in Socratic style (4.6) indicate a tendency toward answer-oriented responses. Addition-

ally, moderate scores in usefulness (6.4) and logical sequence (6.2) suggest occasional 

limitations in providing coherent and pedagogically effective guidance, highlighting an 

area for further refinement. 
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4.4 Image Generation Evaluation 

Image–text alignment was evaluated using BLIP [17], and CLIP [18]. Average scores 

were 0.43 and 0.33, respectively, reflecting moderate semantic and perceptual align-

ment. These results confirm the system’s ability to generate visually relevant illustra-

tions, with scope for improving prompt–image consistency. 

 

5 Discussion and Conclusion 

The evaluation results demonstrate the effectiveness of the system in promoting rea-

soning-centered mathematics learning through Socratic interaction and multimodal 

support. While BERTScore indicated comparable semantic similarity across fine-tun-

ing configurations, subjective evaluation proved more informative, showing that selec-

tively unfreezing a small number of transformer layers produced higher instructional 

quality in terms of usefulness, relevance, and logical coherence. 

Limitations were observed in sustaining deep Socratic inquiry over longer interac-

tions, primarily due to constraints in ALLaM’s context window and model capacity. 

Nevertheless, relevance and clarity remained stable, indicating consistent grounding in 

the mathematical context. At the system level, integrating retrieval-augmented genera-

tion with diffusion-based image synthesis enhanced coherence. Overall, the results sup-

port the value of retrieval grounding, targeted fine-tuning, and multimodal generation 

for educational AI systems. 

6 Future Directions 

 

Although storytelling and Socratic questioning support structured reasoning and active 

learning [2], their effectiveness within AI-based systems remains underexplored. Fu-

ture work will evaluate our proposed tool with real learners to assess its impact on crit-

ical thinking and learning outcomes.  
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