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Abstract

In today’s educational paradigm, automated question generation plays a pivotal role as it helps in scalable
material production, continuous testing, and personalized learning. However, the task of generating
academically relevant questions, which are also categorized according to the different levels of cognitive
Bloom’s taxonomy, remains a challenge. Although state-of-the-art LLM-based approaches have improved
the quality of questions for examination purposes, they are also marred by problems such as hallucinations,
lack of subject matter knowledge, and lack of syllabus relevance. In contrast, conventional rule-based and
template-based approaches are limited to lower-order cognitive tasks. To address these issues, this paper
proposes a Delimiting LLM framework with the concept of Retrieval-Augmented generation (RAG) for
syllabus-relevant question generation, which is also in accordance with the different levels of cognitive
Bloom’s Taxonomy. The proposed approach can generate a variety of novel question formats by utilizing
RAG-based examples as few-shot learning, semantic reference context, and exact textbook content as
contextual grounding. The proposed approach was validated through automated and human evaluations to
measure the quality of questions, cognitive relevance, and pedagogical significance. Based on the
experimental findings, the proposed framework outperformed conventional and non-retrieval-based
baselines in generating cognitively diverse, syllabus-relevant, and pedagogically significant questions.
Additionally, it also offers a scalable solution for smart assessment question generation.

Keywords: Question Generation, Bloom Taxonomy, NLP, Large Language Model, Retrieval
Augmented generation

1 INTRODUCTION

Exams are the primary method to assess the academic value of students, which are an essential
instructional technique for improving critical thinking, active learning, and comprehension in
educational settings [1], [2], [3]. Exams are one of the most popular ways to evaluate students'
knowledge, and they call for well-written question papers. However, it takes a lot of effort and
repetition for teachers to create these questions by hand. Teachers often spend a lot of time creating
question papers because there are so many exams in the academic field, and every exam requires a
different set of questions.



Table 1: Question types in higher education: Mapping with Bloom's Taxonomy.

S.No Levels Question Type Bloom Taxonomy Focus on
1 L1 True or false Remember Recall facts
2 L2 Fill in the blanks Understand Explain concepts
3 L3 Fill in the blanks with a hint Apply Use knowledge
4 L4 Multiple choice questions Analyze Examine structures
5 L5 Multi select questions Evaluate Judge effectiveness
6 L6 Descriptive Create Generate new ideas

Automatic Question Generation (AQG) plays a vital role in teaching and learning through
technology to develop individualized [2], context-specific questions that promote student
engagement and understanding [4], [5], [6]. Automating this procedure using a machine-based
approach could assist save significant time, which can then be focused towards more beneficial
instructional initiatives. However, machine-generated questions cannot be used blindly. Automation
can speed up the process, but it does not ensure quality or exam-specific appropriateness, and many
may be unclear, inaccurate, or irrelevant. Advanced techniques like large language models (LLMs)
can assist in question generation[7], [8], but they are often fail to produce questions that correspond
with human framing styles—especially when not fine-tuned for a given educational subject and
syllabus.

A well-known system for categorizing concerns based on their level of difficulty and cognitive
complexity is Bloom's Taxonomy [9], [10]. Certain question formats can be matched to particular
Bloom's Taxonomy levels based on earlier research on question kinds and their corresponding
difficulty levels. Table 1 illustrates this mapping, which is developed from an exhaustive study of
current material as well as survey responses collected from college-level students.
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Fig. 2. Literature Search: a pictorial representation of the procedure



The aptness scores of six distinct question types—True/False (T/F) [3], Fill-in-the-Blank (FIB)
[11], Higher-level Fill-in-the-Blank (FIB-H), Multiple Choice Questions (MCQ) [12], Multiple-
Select Questions (MSQ), and Descriptive questions—are mapped across the six Bloom's Taxonomy
cognitive levels (L1 to L6) in the diagram. The aptness score reflects how suited or aligned each
question type is for assessing the corresponding cognitive level.

Nevertheless it's not the best idea to strictly link a specific question type to a set Bloom's Taxonomy
level. Large language model (LLM) technologies have made it possible to design a single question
type spanning several Blooms’ Taxonomy cognitive tiers. Therefore, the main goal of this study is
to show how even basic questions may be constructed inside an exam-specific framework to target
various Bloom's Taxonomy levels.

Using LLM to generate questions is similar to a collaborative method between humans and
computers, which is crucial—using the human for exam-specific guidance and the machine for
speed. In the proposed method, the machine system is replaced with a Large Language Model
(LLM), while the human role is simulated using the Retrieval-Augmented Generation (RAG)
approach. This combination permits more effective prompt design, generating automatically
generated questions that closely mirror those crafted by people using an exam-specific manner.

Table 2: Question Aptness Scoring [QAS]: Algorithm.

QCS Bloom Taxonomy
L1 L2 L3 L4 L5 L6
L1 1.0 1.2 1.4 1.6 1.8 2.0
Question L2 0.8 1.0 1.2 1.4 1.6 1.8
Types L3 0.6 0.8 1.0 1.2 1.4 1.6
L4 0.4 0.6 0.8 1.0 1.2 1.4
L5 0.2 0.4 0.6 0.8 1.0 1.2
L6 0.0 0.2 0.4 0.6 0.8 1.0

This study primarily analyzes the challenges associated with creating a variety of exam-specific
questions linked with different levels of Bloom's Taxonomy, with a special emphasis on questions
targeting higher-order cognitive skills. In particular, we address the following three research
studies:

1. How can a Large Language Model (LLM) be effectively limited to generate questions across
different levels of Bloom’s Taxonomy for practical use inside a certain examination framework?
2. To what extent does the integration of a Retrieval-Augmented Generation (RAG) technique,
paired with few-shot learning instances, effect the performance of an LLM during prompt-based
question generation?
3. To what extent does a reference-based learning approach enhance the exam alignment, structural
coherence, and quality of LLM-generated questions?

The LLM generates questions aligned with Bloom's taxonomy levels based on the input context.
The challenge includes instructions such as: 'You are a college teacher writing examination
questions—generate academically relevant questions from the given context.! We are able to assess
the model's highest standalone capacity because these instructions direct the LLM in question
generation without depending on any outside sources. Additionally, exam-specific sample
questions, extracted via RAG (dynamic few-shot learning from a curated dataset), are supplied
alongside user inputs. This helps the LLM produce questions that follow the style and structure of
exam-specific RAG examples [13], [14]. Once the LLM creates the questions, each one is evaluated



to determine its cognitive level within Bloom’s taxonomy, helping to assess the appropriateness of
the question type for each level.

In the proposed method, our contributions are,

RAG File Construction: The T5 model is used to generate an exam-specific RAG file that includes
questions from prior years' exams, contextual information, question types, and matching Bloom's
Taxonomy levels. In the RAG framework, this file serves as the foundation for creating dynamic
few-shot learning instances. Context-Aware Retrieval Using ANN: The RAG pipeline uses an
Artificial Neural Network (ANN)-based retrieval mechanism to find and extract contextually
aligned content in order to improve the relevance of recovered information.
Reference-Based Learning Strategy: To enhance semantic grounding and the general caliber of
LLM-generated questions, other reference texts, such as preceding and succeeding contextual
sections are integrated into rapid formulation in addition to the primary context.

The rest of the paper is organized as follows: Part 2 discusses the relevant literature, and Part 3 of
our discussion covers our suggested approach for exam-specific question generation. Part 4 presents
the outcome of our suggested approach and a discussion of its benefits and drawbacks. In Part 5, we
finally bring our paper to a close by discussing our future plans to expand on it.

2 RELATED WORKS

Automatic question generation (AQG) began with rule-based approaches [15], [16], particularly
geared at speeding up question paper creation in the education sector. These approaches depended
largely on predetermined rules, allowing minimal flexibility in format modifications and lacked
exam-specific adaptation. With the advent of NLP, AQG added capabilities such as generating
questions based on key phrases and part-of-speech (POS) patterns from the provided context[5],
[17]. Nevertheless, this method frequently generated semantically redundant questions, had limited
practical usefulness, and required manual feature selection. By utilizing massive datasets, deep
learning models—in particular, T5-based architectures—addressed some of these issues [18].
However, the dataset had significant effects on the generated questions' quality, and biased or
irrelevant data frequently produced useless results.

Large Language Models (LLMs) represents a major advancement, using decoder-based
architectures trained on enormous corpora to generate high-quality queries [8], [19], [20]. LLM-
based AQG eliminates the requirement for manual feature selection or dedicated datasets and may
create questions of any type at multiple cognitive levels. However, these algorithms are unable to
consistently generate fully aligned questions because there are no datasets particularly developed
for generating questions across various Bloom's taxonomy levels in academic settings [21], [22].
Retrieval-Augmented Generation (RAG), which improves LLM performance by providing pertinent
context and sample formats, can get around this limitation [23]. RAG uses dynamic few-shot
learning [24] to give pattern-like datasets that help the model learn on its own and create exam-
specific, cognitively aligned questions [25].

The RAG database is populated exclusively with computer science-related text samples to ensure
the generation of high-quality example questions. By using an exam-specific RAG file, the system
provides only relevant sample questions as the reference set. These, combined with user input, are
used to produce more accurate and context-appropriate results.

3 PROPOSED METHOD

The proposed method includes three core components:



LLM Pre-Processing: Creating a RAG-based vector database.
2. LLM Processing: Utilizing exam-specific few-shot learning through RAG.

LLM Post-Processing: Validating and refining the generated questions for quality and
alignment with Bloom’s Taxonomy.

In the proposed approach, the user provides three inputs: the context (used as the basis for question
generation), the question type (defining the format of the question), and the cognitive level based on
Bloom’s Taxonomy (indicated as A, B, and C in the diagram) and the workflow of the proposed
method is depicted in Figure 1. These inputs are used to build a prompt, coupled with additional
reference context and some examples (D) collected via the RAG-based technique. The RAG system
offers dynamic few-shot learning by exploiting an exam-specific dataset optimized for generating
questions aligned with current trends.

An exam-specific dataset is built using syllabus-aligned textbooks, documents, and notes, which are
scraped and pre-processed into individual sentences based on related keywords. These sentence—
keyword pairs are subsequently fed into a T5 model[26], fine-tuned on the SQuUAD dataset, to
generate contextually relevant questions.
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As seen in Table 4, the RAG-based input process starts with a file containing four columns: context,
question type, Bloom's level, and the related generated questions. The BGE embedding technique,
which is recommended for its strong semantic similarity capabilities, effective retrieval
performance, high performance in the MTED (Massive Text Embedding Benchmark), and capacity
to lessen hallucinations in large language model (LLM) outputs, is used to embed the context
column.

Once the embedding is accomplished, the other columns—question type, Bloom’s taxonomy level,
keywords, and generated question—are paired with their relevant context embedding to form chunk
values. After that, vector representations are created from these chunk values. Lastly, the Pinecone
approach is used to index and store the vectors in a vector database.

With Pinecone, the most relevant chunks are retrieved quickly, thanks to its support for ANN-based
search and hybrid search methods.

Using Approximate Nearest Neighbour (ANN) search alongside with cosine similarity, the user-
provided context is first converted into an embedding, which is subsequently compared with the
pre-stored embedding in the vector database of the RAG file. This similarity-based retrieval delivers
the most relevant text chunks from the Pinecone vector database. To enhance the precision of
retrieval, further filtering can be done using metadata values—such as selecting Bloom Level =
Apply and Question Type = MCQ—in conjunction with the user's inputs. This combined method of
semantic similarity search and metadata-based filtering ensures more accurate and contextually
relevant results from the vector database.

The LLM is prompted to create new, contextually relevant questions using the obtained data (row-
based). The LLM models, which are well-suited for RAG-based systems because of their powerful
few-shot learning capabilities, receive these chunks as input and use them as dynamic few-shot
learning examples. The RAG-retrieved sample content and user inputs are used by the LLM to
produce questions. After the question is created, it is filtered and assessed according to its relevance
score.

Prompting Working Principle:

f(P,T,L)=0 1)

This overall problem statement is given in the Equation 1 as,

P: Primary input context

T: Type of question

L: Bloom Taxonomy level

Q: the output (the generated question according to P,T and L)
In LLM:

The LLM generates question purely on the given text (P), given question type (T) and given
Taxonomy level(L) is given in the Equation 2, it possible generated question ranges from 1 to n
according to the context availability in the input.

e Generate meaningful questions according to the question type and Bloom taxonomy
question level from the following context: PRIMARY CONTEXT.



Context: {context}

e Instructions:
o All questions must be answerable strictly from the PRIMARY CONTEXT
o Avoid copying sentences from either input

faomy: = {(Py Ty, L; - Qi)}g;}ﬂ )

In Reference Context Learning:

The Reference Context Learning approach gives a sample context relevant to the real context for
the question generation) is given in the Equation 3, it increases the quality of the question as well as
the chances of framing the more number of questions. Here the P means the original context and Pi
means to have a sample contexts.

e Generate meaningful questions according to the question type and Bloom taxonomy
question level from the following context: PRIMARY CONTEXT.
e Use the REFERENCE TEXT only as guidance for question style, depth, and structure.

Context: {context}

Reference :{ reference context}

e Instructions:
o All questions must be answerable strictly from the PRIMARY CONTEXT
o Do NOT introduce concepts that appear only in the reference text
o Avoid copying sentences from either input

fireny: = Ro {(fren)iiog) @)

From a student examination perspective, the primary requirement is to study subjects using a
syllabus-oriented approach. Students are not expected to develop extensive knowledge beyond the
prescribed syllabus; instead, their focus is on performing well in the examination. This approach
aligns with the remember level of Bloom’s taxonomy. Although this may appear limited, at the
foundational stage of education it helps students build strong basic knowledge.

To ensure that the LLM concentrates strictly on syllabus-specific content, it is constrained to
operate only within predefined boundaries. Accordingly, textbook-based context—closely aligned
with the syllabus—is provided while generating questions. This reference content is incorporated
using a few-shot learning approach to guide syllabus-oriented question is given in the Equation 4,

In RAG:

e (Generate {number of questions} meaningful questions from the following context:

e Generate questions from the PRIMARY CONTEXT.

e Use the REFERENCE TEXT only as guidance for question creation.

e Use the SAMPLE QUESTION only as guidance for question style, depth, and structure.

Context: {context}

Reference :{ reference context}



Sample Question :{ questions}

e Instructions:
o All questions must be answerable strictly from the PRIMARY CONTEXT
o Do NOT introduce concepts that appear only in the reference text
o All questions must be framed strictly from any of the SAMPLE QUESTION format
o Avoid copying sentences from either input

fracy: = (5 v {(f {RCL})g‘il}}) “4)

The RAG gives a sample reference questions, that boosts up the LLM for framing the relevant
question as well it follows the question format. The ranges of sample question decided by the
situation and needs.

The second aspect is that question papers should be aligned with patterns observed in previous
years to avoid ambiguity for students. While the questions need not be identical, those with similar
structural formats should be treated equivalently. To achieve this, the proposed method employs a
Retrieval-Augmented Generation (RAG) framework, where previous years’ questions serve as
reference material for generating new questions across different Bloom’s taxonomy levels and
multiple question types.

In Combined Form:

Q= f{PRS}(Pi,(Ri(Si)))gi'l} )
The final hybrid approach is given in the Equation 5, LLM generates question with the help of RCL
and RAG approach, it produces very good questions as expected and has good human evaluation
score too.

In general, the results clearly show that there is a synergistic effect between RAG and RCL in
improving the performance of the LLM, and that the combination of the two yields the best results.
The model that performs best in all experimental conditions is Mistral, which adapts and improves
exceptionally well when prompted with both RAG and RCL. These results clearly indicate that
hybrid approaches to prompting are necessary for maximizing the interpretability, correctness, and
usefulness of the generated responses, especially in complex tasks that require a lot of information.

When the LLM is used alone, the question that is generated is very similar to the source sentence,
which results in a direct recall-based item with very little linguistic variation. The use of example
formats to guide the LLM is improved by Reference-based Learning Constraints (RLC), which
improve the quality of the questions by allowing for more varied and pedagogically formatted
questions without deviating from the desired cognitive level.

Retrieval-Augmented Generation (RAG) is another improvement that provides more contextual
grounding, which allows the model to generate questions that are both semantically accurate and
faithful to the original content.

Overall, the combined LLM + RLC + RAG framework achieves superior balance among accuracy,
diversity, and educational relevance, making it well-suited for automated question generation in
academic assessment systems[27]. This layered approach ensures Bloom-level alignment while
reducing redundancy and improving the naturalness of generated questions.



l. Source Context: 'Definition of a byte in computer science'
Il 'Question Type': 'L2' and 'Bloom-Taxonomy Level": 'L1'
Ill.  Generated Question:

a. LLM: - A byte consists of bits.
b. LLM + RLC: - The basic unit of digital information in computer science is called a
LLM + RLC + RAG: - A byte is made up of individual bits.

Table 4: An approaches comparison.

Approach Strength Limitation
LLM Simple, direct recall Tends to copy context
LLM + RLC Better variation and format control Limited external grounding

LLM + RLC + RAG Most diverse, accurate, exam-oriented = Slightly higher complexity

As presented in Table 4, while the differences between various LLM models are not statistically
significant, the employment of Reference Context Learning (RCL) and Retrieval-Augmented
Generation (RAG) produces substantial performance enhancements. The study finds that the
synergistic application of RCL and RAG leads to superior results compared to either technique used
in isolation, establishing the combined approach as the most effective.

4 RESULTS AND DISCUSSION

Table 5 presents a comparative assessment of the question generation capability of three large
language model platforms, namely OpenAl, Ollama, and Gemini, for three different experimental
setups: baseline LLM, Reference Context Learning (RCL), and Retrieval-Augmented generation
(RAG). The automatic evaluation criteria, such as BLEU [28], ROUGE (ROUGE-1, ROUGE-2,
ROUGE-3) [29], METEOR [30], and F1 score, are used to assess the performance of the models.
These criteria collectively assess the lexical overlap, semantic similarity, and content coverage of
the generated questions and the reference questions.

The automatic evaluation criteria clearly indicate the improvement trajectory of the OpenAl model.
The baseline setup showed very low scores for BLEU (0.015) and ROUGE, which clearly indicated
the lack of n-gram overlap between the generated questions and the reference questions. However,
the RCL setup showed a significant improvement in the scores, with ROUGE-1 and METEOR
scores increasing to 0.327 and 0.257, respectively. The best performance was achieved by the RAG
setup, which showed the highest scores for ROUGE-2 (0.318), ROUGE-3 (0.286), and F1 (0.432).
This demonstrates that retrieving and incorporating external knowledge is most effective for
improving contextual relevance and lexical coverage.

A similar pattern can be observed in the Ollama-based model. The baseline LLM arrangement
performs mediocrely, especially in ROUGE-1 (0.222) and BLEU (0.003). Significant improvements
are gained with the Reference Context Learning approach, particularly in METEOR (0.327) and F1
score (0.419), which suggest enhanced semantic alignment. Competitive ROUGE-2 (0.279) and
ROUGE-3 (0.244) scores are produced by the RAG design, demonstrating the effectiveness of
retrieval processes in increasing phrase-level similarity and overall completeness.

With ROUGE-2 and ROUGE-3 scores of zero, the baseline LLM results for the Gemini-based
model are rather poor and show little higher-order n-gram overlap. However, the RAG-based
technique produces additional improvements in ROUGE-2 (0.238) and ROUGE-3 (0.200), while
the Reference Context Learning setting raises ROUGE-1 to 0.291 and F1 to 0.318.



Table 3: Sample Content: taken from RAG file

S.No Context QT BT Keywords Sample Questions
1 Definition of a byte in computer science.. L1 L1 define A byte consists of 8 bits.
2 Explanation of Python's typing system.. L1 L2 describe Python uses dynamic typing.
3 Comparison between HTTP and HTTPS L1 L3 compare HTTP and HTTPS are the same protocol.
protocols..
4 Usage of Java's 'final' keyword in inheritance.. L1 L4 use The 'final' keyword in Java prevents method overriding.
5 Experiment with Dijkstra's algorithm limitations.. L1 L5 experiment Dijkstra's algorithm works for graphs with negative weights.
6 Design consideration for REST API methods.. L1 L6 design In REST APIs, PUT and PATCH perform identical operations.
7 Identifying  sorting  algorithms by time L2 L1 define The sorting algorithm has a worst-case time complexity of O(n
complexity.. log n).
8 SQL clause for filtering grouped data.. L2 L2 describe In SQL, is used to filter groups.
9 Recognizing FIFO-based data structures.. L2 L3 compare The data structure uses FIFO order.
10 Python feature for creating anonymous functions.. L2 L4 use In Python, is used to create an anonymous function.
11 Network knowledge about HTTPS default port.. L2 L5 experiment is the default port for HTTPS.
12 Protocol responsible for DNS resolution.. L2 L6 design The protocol resolves domain names to IP addresses.
13 OOP concept of inheritance with hint.. L3 L1 define (Hint: OOP ): allows a class to inherit properties from another.
14 TCP reliability mechanism with hint.. L3 L2 describe (Hint: Network protocol): ensures reliable data delivery in TCP.
15 LIFO principle in data structures with hint.. L3 L3 compare (Hint: Data structure): is used for LIFO operations.
16 Python decorator for static methods with hint.. L3 L4 use (Hint: Python): decorator marks a function as static.
17 Graph algorithm for shortest path with hint.. L3 L5 experiment (Hint: Algorithm): is used to find the shortest path in a weighted
raph.
18 CPU scheduling algorithm with hint.. L3 L6 design (gHiit: 0OS): scheduling algorithm allocates CPU time in circular
order.
19 Multiple-choice  question about interpreted L4 L1 define Which language is interpreted? a) C b) Java c¢) Python d) C++
languages..
20 Python type system behaviour with strings and L4 L2 describe What is the output of 'S + "5"" in Python? a) 10 b) 55 ¢) Error d) 5

numbers..




Table 4: Lexical evaluation of generated questions: normalized score [0-1].

ROUG-
sNo | LM Model | BLEY | ROUG-1 5 ROUG-3 | METEOR | F1

LLM 0.015 0.231 0.08 0.042 0.182 0.23

1 OpenAi RCL 0.023 0.327 0.17 0.133 0.257 0.35

RAG 0.024 0.348 0.318 0.286 0.297 0.43

LLM 0.003 0.222 0.14 0.098 0.187 0.27

2 Ollama RCL 0.028 0.346 0.2 0.125 0.327 0.41

RAG 0.012 0.311 0.279 0.244 0.261 0.38

LLM 0.002 0.204 0 0 0.184 0.25
3 Gemini RCL 0.006 0.291 0 0 0.254 0.31
RAG 0.005 0.273 0.238 0.2 0.225 0.34

The findings show that RAG regularly outperforms baseline LLM and RCL configurations on every
platform. ROUGE and F1 measures, which more accurately reflect the semantic relevance and
quality necessary for question production, are where this superiority is most obvious. While
Reference Context Learning (RCL) provides a valuable step up from zero-shot prompting, it
remains an intermediate solution. Notably, the models' low BLEU scores indicate that BLEU is not
a good fit for tasks requiring lexical diversity; on the other hand, ROUGE, METEOR, and F1
provide a more accurate assessment of content coverage.

Table 5: Human evaluation of generated questions: Likart score [0-5].

S.No LLM Model Grm Rlv Clr Usf Anw Spy F-Sco
LLM 4 3 3 3 3 3 3.16
1 OpenAi RCL 4 2 3 3 4 3 3.16
RAG 5 5 4 4 4 4 4.33
LLM 4 4 3 3 4 3 3.50
2 Ollama RCL 4 3 4 4 4 4 3.83
RAG 5 4 4 4 5 5 4.50
LLM 5 4 3 3 3 2 3.33
3 Gemini RCL 4 4 4 3 3 3 3.50
RAG 5 4 4 4 3 3 3.83

Qualitative results in Table 5 above further confirm these results. Although the baseline and RCL
settings of OpenAl resulted in the same average score of 3.17, the RAG-based approach resulted in



a better score of 4.33. Most importantly, RAG received a perfect score of 5 on relevance,
emphasizing its capability to make use of external context information for generating high-quality
and specific questions. Analysis of Ollama and Gemini-based models shows that the Retrieval-
Augmented Generation (RAG) approach is the best-performing configuration, as it results in the
highest final scores and performs best on relevance, answerability, and specificity.

Among the models, Ollama showed the greatest improvement with RAG, as its score improved
from 3.50 to 4.50. Although the Reference Context Learning (RCL) approach showed moderate
improvement in clarity and usability, its effect was always overshadowed by that of RAG. The
overall results clearly show a performance hierarchy: Baseline < RCL < RAG < RAG + RCL. This
result clearly shows that the best possible approach is to combine the capability of external
knowledge retrieval (RAG) with example-based prompting (RCL). Moreover, this study confirms
that human-centric evaluation criteria are necessary for measuring these subtle qualitative
improvements.

Metrics Human

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

LLM RCL RAG LLM RCL RAG LLM RCL RAG

OpenAi Ollama Gemini

Fig. 3. Performance Comparison: Question generation with various approaches

5 CONCLUSIONS AND FUTURE WORK

The questions that are specific to exams and based on the syllabus cannot be generated by
enhancing the overall capability of the LLM. Rather, by keeping the LLM within certain
constraints, better results can be achieved, which will allow the LLM to generate questions in a
more focused way. The fact that the technique performs well on all types of questions and levels of
Bloom's taxonomy indicates that an LLM with a linear bound can perform very well if it is given
the right input, such as proper prompts, few-shot examples, and reference questions using RAG.
This technique can be improved in the future to generate mathematical and programming-related
questions, along with text questions.
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