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Abstract

Lesson plan design can optimize the teaching process, making teaching more targeted and scientific, thereby improving
teaching quality and student learning outcomes. But teachers often struggle to complete high-quality lesson plan design due
to limited teaching time and insufficient design skills. To solve this problem, the emergence of large language models (LLMs)
provides teachers with a more efficient way to plan teaching content, design teaching activities, and optimize teaching strate-
gies, thus enhancing the quality and effectiveness of lesson plan design. However, existing LLMs have limitations. Their static
nature leads to a lack of professional education knowledge and an inability to continuously learn new knowledge. As a result,
they perform poorly when dealing with unfamiliar content and struggle to generate detailed and high-quality lesson plans.
To address these issues, we propose a Knowledge-Enhanced Lesson Plan Generation method (KE-LPG). Specifically, this
method extracts subgraphs related to lesson plan content from a subject-specific knowledge graph. By combining techniques
like graph Laplacian learning and semantic relevance calculation, it accurately constructs a keyword graph to enhance the
LLM’s knowledge expression and understanding in the education field. Furthermore, during the pre-training stage, the con-
structed keyword graph is integrated with lesson plan content for fine-tuning, improving the LLM’s performance in lesson plan
generation. To our knowledge, this is the first time that a semantic refinement approach has been used to generate lesson plans.
Experimental results show that our method not only provides high-quality curriculum plans but also ensures the reliability of
the generated knowledge points. The resource of the paper is available at https://github.com/ghh1125/data.
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1 Introduction

Lesson plan development serves as a fundamental compo-
nent of educational instruction, systematically organizing
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ing, and creating—providing a scaffold for curriculum design
and assessment alignment [4, 5]. However, creating person-
alized lesson plans requires navigating a complex process
that must accommodate students’ diverse backgrounds and
learning capabilities, significantly increasing the complex-
ity during the design phase [6, 7]. Educators frequently
encounter constraints of limited resources and time pressures,
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making it challenging to develop specialized, high-quality
lesson plans within compressed timeframes [8, 9].

With the advancement of deep learning technologies,
language models have achieved remarkable breakthroughs,
particularly through the rapid development of generative arti-
ficial intelligence technologies [10, 11]. The emergence of
the transformer architecture has spawned numerous large
language models (LLMs) based on encoder and decoder
frameworks. Notably, decoder-based GPT has emerged as
a milestone in this field [12]. These dual-stage generative
GPT models exhibit exceptional generalization capabilities,
enabling them to adeptly address various natural language
processing tasks. By leveraging the strengths of LLMs, edu-
cation can provide more accessible and personalized services
for both educators and students [13].

Despite considerable achievements in natural language
processing, LLMs still face certain limitations in compre-
hending real-world contexts [14, 15]. Particularly in the
educational domain, LLMs lack specialized expertize in
pedagogical practices, making it difficult to generate high-
quality lesson plans that could potentially impact student
learning negatively [16]. Furthermore, existing hallucination
issues and the absence of domain-specific knowledge cannot
guarantee content authenticity and reliability [15, 17].

Knowledge graphs (KGs) can effectively represent diverse
entities and relationships, establishing comprehensive knowl-
edge representation frameworks that clarify and streamline
knowledge relationships [18-20]. This structured knowl-
edge representation enables machine learning algorithms to
better interpret and apply knowledge more effectively [21,
22]. However, knowledge representation in KGs is typically
static, failing to capture dynamic changes and complex con-
texts of knowledge, thereby limiting the model’s ability to
comprehend real-world scenarios [23-25]. In the educational
field, despite the substantial advantages that KGs provide in
encapsulating various entities and interactions, the process
of creating comprehensive lesson plans solely from KGs
presents multiple significant challenges [26]. Lesson plans
encompass not only numerous hierarchical relationships
among courses, teaching objectives, resources, and activi-
ties, but also rich semantic information including detailed
descriptions of instructional resources and articulations of
learning objectives. The advantages and limitations of the
existing method and our method KE-LPG are shown in
Table 1.

To address the respective limitations of LLMs and KGs
in educational applications, our research proposes an innova-
tive approach called KE-LPG (Knowledge-Enhanced Lesson
Plan Generation) that combines the capabilities of both KGs
and LLMs to tackle key challenges in lesson plan generation.
The primary challenge of this technology lies in effectively
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integrating external information sources with language mod-
els to ensure that the resulting educational content maintains
high quality and accuracy. We present an innovative method-
ology that employs dependency matrix algorithms to extract
keywords and construct keyword graphs, effectively utilizing
KGs while enhancing the expressive capabilities of language
models. Additionally, to enable language models to better
absorb and comprehend essential details within KGs, we uti-
lize Graph Convolutional Networks (GCN5s) to process and
analyze KGs, generating tags suitable for language model
input sequences. Through fine-tuning and training LLMs,
we ensure that the generated lesson plans achieve optimal
quality and personalization levels.

The main contributions of this work are summarized as
follows:

e To the best of our knowledge, we are the pioneers in
mining the uniqueness of lesson plan data and combin-
ing it with LLM to improve lesson plan generation. This
effort helps substantially advance interdisciplinary appli-
cations.

e We introduced KE-LPG, a new method that combines
KG and LLM, using GCN and knowledge-enhanced
methods to capture information and improve LLM’s
ability to create effective and high-quality lesson plans.
This innovative method amplifies the reasoning capabil-
ities of the expansive language model and elevates its
interpretability, surpassing the performance achieved by
relying solely on the prowess of the LLM.

e We conducted experimental evaluations of this method
and compared it to other LLM with larger parameters.
The experimental results show that using the KE-LPG
method has significantly improved the evaluation indi-
cators of detailed lesson plan generation. The text read-
ability score increased by 2%. Expert ratings show that
scores improved by about 5% to 6%.

The remainder of this article is structured as follows: Sec-
tion 2 provides a brief overview of related work concerning
the integration of Knowledge Graphs and Large Language
Models, as well as the semantic refinement of lesson plans.
In Section 3, we delve into the technical intricacies of our
method. Section 4 outlines our experimental findings. Lastly.
Section 5 provides a discussion and limitations of this arti-
cle. Section 6 concludes the full paper and discusses possible
future work directions.

2 Related Work

We investigate three domains: integration of KG and LLM,
lesson plan generation, and semantic refinement.



Arabian Journal for Science and Engineering

Table 1 Comparative analysis of existing approaches for lesson plan generation

Approach category

Representative works

Main contributions

Advantages

Limitations

Template-based systems

Pure LLM approaches

Knowledge graph
methods

Our KE-LPG method

Rule-based educational
frameworks,
Taxonomy-driven
generators

GPT-based lesson
generators,
BERT-enhanced
educational content

Educational ontology
systems, Concept map
generators

Knowledge-Enhanced
Lesson Plan
Generation

Structured lesson plan
templates, Educational
standard compliance

Natural language
generation,
Context-aware content
creation

Structured knowledge
representation,
Relationship modeling

Advanced semantic
integration,
GCN-based
knowledge processing,
Dependency matrix
algorithms

o Clear structure

e Standards alignment
e Predictable output

e Manual template
creation

o Fluent text generation

e Context understanding

e Scalable deployment

o No structured
knowledge

eRich semantic
relationships

e Domain expertize
e Factual accuracy

e Logical consistency

e Deep knowledge
integration

e Semantic-aware
generation

e Personalization
support

o Quality assurance

e Dynamic knowledge
utilization

e Limited flexibility

e Generic content

e No personalization

e Domain knowledge
gaps

e Hallucination issues

e Lack of factual
reliability

e Static representations

e Limited text
generation

e Poor content
coherence

e Scalability challenges

e Computational
complexity

e Training data
dependency

2.1 Integration of KG and LLM

Large language models such as BERT [27-29], RoBERTA
[30], and TS5 [31], along with subsequent advancements
such as GPT3 [32, 33], GPT-4 [34, 35] and LLaMA [36],
have demonstrated remarkable capabilities. However, chal-
lenges like hallucinations in large language models [37, 38]
have prompted a closer examination of these models. To
solve these problems, people are combining KG with LLM.
Incorporating KG into these models offers more meaning-
ful, insightful, and trustworthy explanations [39, 40]. In the
realm of LLM, predicting observed phenomena becomes
implicit [41]. KG stores large amounts of information in an

explicit and structured manner, augmenting the knowledge
awareness of large predictive models [42]. Various meth-
ods have been proposed to exploit this synergy. Enhanced
language representation models like ERNIE [43] are trained
using large-scale text corpora and KG, simultaneously incor-
porating vocabulary, syntax, and knowledge information.
Other approaches, such as the SKEP method [44], utilize
KG to enhance pre-training. In recent years, innovative
methods have emerged, incorporating KG into LLM during
pre-training. Examples include GNN [45], QA-GNN [46],
FDGNN [47], KALA [48], and DKPLM [49]. This inte-
gration allows LLM to acquire knowledge more effectively,
facilitating improved fine-tuning. Furthermore, KG is inte-
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grated into the input of LLM, such as in K-BERT [50]. In
the first step, knowledge triplets are injected into sentences
through a visible matrix, where only knowledge entities can
access the knowledge triplet information, while the tokens
in the sentences can only see each other in the self-attention
module. To further reduce knowledge noise, Colake [51] pro-
poses a unified word-knowledge graph, where tokens in the
input sentences form a fully connected word graph, with
tokens aligned with knowledge entities connected to their
adjacent entities. The relationship between LLM and KG is
anticipated to address challenges related to content accuracy
and ethical considerations [43, 52].

2.2 Lesson Plan Generation

Relevant work in the field of lesson plan generation [53]
encompasses diverse research and applications. In recent
years, the integration of advanced technologies like natu-
ral language processing (NLP) and machine learning (ML)
has influenced automated education tools. These tools are
designed to assist educators in developing more effective
and personalized lesson plans based on the diverse needs and
teaching goals of students [54, 55]. There is a concerted effort
indeveloping instructional design systems dedicated to creat-
ing tools capable of generating lesson plans based on subjects
and learning stages [56, 57]. These systems match the rules
in education and what we are supposed to teach. Intelligent
education systems have emerged to analyze student learning
data [58]. By doing so, they adapt and generate personal-
ized plans, catering to the varied learning styles of different
students. Research on cognitive psychology and instruc-
tional design principles has influenced the development of
automated lesson plan generation systems, ensuring align-
ment with pedagogical theories [59]. In particular, Bloom’s
Taxonomy has been widely used as a theoretical founda-
tion for structuring learning objectives in lesson plans. Its
hierarchical model of cognitive skills-from remembering to
creating-offers a valuable framework for aligning instruc-
tional goals with assessment and content delivery strategies
[4, 5, 60, 61]. Several systems have begun incorporating
such taxonomies to guide content selection and task com-
plexity, ensuring that generated lesson plans not only meet
curricular standards but also support cognitive development
at appropriate levels. Some studies have explored the use
of reinforcement learning algorithms to optimize the genera-
tion of personalized lesson plans, considering factors such as
student engagement and knowledge retention [62]. Another
research focuses on leveraging large-scale educational data
for analysis [63, 64]. They want to find the best ways to teach
and put them into lesson plans that get made automatically.
Furthermore, collaborative course design tools have been
developed to facilitate knowledge sharing and collaboration
among teachers, ultimately enhancing the overall quality of
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courses [65]. The ongoing efforts related to lesson plan gen-
eration aim to empower educators with additional tools and
resources [66], providing valuable support in addressing the
diverse needs of students in their daily teaching practices.

2.3 Semantic Refinement

The concept of semantic refinement is deliberated in related
fields, and it pertains to enhancing the semantic quality of
generated outcomes through a more profound understanding
and optimization of information [67-69]. For instance, in
semantic segmentation, the two-stage refinement network,
DRNet [70] and ISL [71], contribute to improved seman-
tic segmentation performance, thereby advancing semantic
refinement. Through the processing of semantics, the sys-
tem gains a heightened ability to comprehend and generate
intricate language structures [72-74]. This approach ana-
lyzes semantic relationships, contextual information, and
entity recognition to acquire more precise and comprehensive
semantic expressions [75]. Semantic refinement has broad
application prospects in enhancing model performance, opti-
mizing information retrieval, and refining generation tasks.
Additionally, research has proposed the MCRNet [76] for
semantic segmentation, aiming to enhance the model’s
capability to capture spatial and contextual information.
By extracting image features at multiple stages, MCRNet
achieves superior segmentation performance compared to
traditional methods. Refign is also a good approach for align-
ing and refining semantic segmentation to accommodate
adverse conditions [77]. In summary, semantic refinement
plays a crucial role in enhancing model performance and
optimizing information processing tasks.

2.4 Summary

However, a unified framework that simultaneously leverages
deep semantic integration, structured knowledge, and peda-
gogical alignment for high-quality, personalized lesson plan
generation remains underexplored. Our proposed KE-LPG
method aims to bridge this gap by combining KG-augmented
LLM:s with semantic-aware generation and cognitive theory-
driven structuring.

3 Methods

In this section, we present our KE-LPG method with techni-
cal details. As shown in Fig. 1, this method contains two key
stages of KE-LPG: enhancing expression ability and enhanc-
ing semantic refinement.
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Fig. 1 Specific working diagrams for lesson plan generation. We use KE-LPG before generation, which is mainly divided into two aspects:
improving the semantic refinement of lesson plan generation by enhancing model input and using KG to enhance the expressive ability of the model

3.1 Enhancing Expression Ability

In this subsection, we first introduce how to enhance the
expressive capabilities of large language models (LLMs)
through the use of knowledge graphs (KGs). As illustrated
in Fig. 2, KE-LPG leverages an LLM to extract keywords
from the knowledge base and then evaluates the relationship
weights between these keywords using a graph Laplacian
learning approach based on a dependency matrix algorithm.
This innovative method combines vector similarity with
graph-based associations, enabling the LLM to effectively
utilize the information contained in the KG. Our dependency
matrix algorithm consists of two key components: keyword
extraction and relationship construction.

The keyword extraction process begins with the use of a
pre-trained LLM to encode textual data obtained from the
KG. These LLMs are adept at capturing intricate seman-
tic relationships and contextual variations present within the
text. By leveraging such models, the textual information
is transformed into high-dimensional vector representa-
tions, thereby preserving semantic coherence. Following the
encoding stage, the resulting vectors are subjected to unsu-
pervised clustering methodologies. These algorithms parti-
tion the textual input into cohesive clusters based on semantic
similarity. Through this process, semantically related words
and phrases are grouped together, forming distinct clusters
that represent the underlying thematic structures within the
KG. Representative keywords are then extracted from each
cluster.

To ensure the quality and relevance of the extracted
keywords, a series of refinement steps is undertaken. This
refinement process includes the elimination of stop words,
which are commonly occurring but lack semantic signifi-

Knowledge Graph
Math Model
—> & Large Language Model
Lesson Plan
Keyword Map Clustering algorithm
l/ \\\
i i Graph Laplacian
1 1
] d Keyword
] i Extraction
‘ :
\ /
"""""" Math Model
Enhanced

vﬁ Large Language Model

Fig.2 Schematic diagram illustrating keyword graph enhancement via
graph Laplacian learning

cance, and the exclusion of terms that appear with either
excessively low or high frequency in the text. These filtering
mechanisms aim to enhance the precision of the keyword list,
ultimately producing a refined set of keywords that encapsu-
lates the substantive content and educational breadth of the
KG.

Generate high-quality keyword lists by encoding, cluster-
ing, extracting keywords from text data, filtering and refining
them. The clustering process is as follows:

n k

L= HZ?T,’N(U”/L,’,E,’), (@))

j=1i=1
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where 7; is the weight of the i-th Gaussian distribution,
subject to Z;‘:l m; = 1, and J\/(vj|,u,i, ¥;) represents the
probability density function of the i-th Gaussian distribution
at point v;.
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where w;; denotes the posterior probability that data point
v; belongs to the i-th Gaussian distribution.
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where 1; is the mean vector of the i-th Gaussian distribution,
¥; is its covariance matrix, and 7; is its weight.

The Extract function selects representative keywords K;
from each cluster C;. A common approach is to choose the
word closest to the mean of the cluster as the representative
keyword. Mathematically, this can be represented as:

K; = argmin|jv — p; |, ©)
veC;

where K; represents the representative keyword of cluster
Ci, 1; is the mean vector of cluster C;, and || - || denotes the
Euclidean distance.

In the relationship construction stage, connections between
keywords are established through the creation of a keyword
graph, using co-occurrence frequencies as the foundation for
determining relationships. In this graph, edges represent the
frequency with which keyword pairs co-occur, and the weight
of each edge reflects the strength of their co-occurrence. A
critical component of this process is the role of the LLM,
particularly in the extraction and refinement of keywords.

To construct these relationships, co-occurrence matrices
are employed as essential tools for capturing the associations
among keywords. These matrices provide a structured repre-
sentation of how frequently different terms appear together
within the textual data. Once the co-occurrence matrices
are constructed, semantic similarities between keywords are
evaluated using graph Laplacian learning methods. This tech-
nique allows the keyword graph to reveal underlying patterns
of similarity and dissimilarity among terms.

By applying this computational approach, the system can
extract meaningful insights from the keyword graph, facil-
itating the identification of closely related concepts within
the semantic space. Ultimately, this process enables the dis-
covery of complex semantic relationships embedded in the
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text, enriching the overall understanding of the educational
knowledge domain.

The similarity between keywords w; and w; is determined
by the Semantic association measure (Sam) formula:

Aff(w,-, w‘/)

J/Pot(w;) - Pot(w;)’

where Aff(w;, w;) denotes the affinity between terms w; and
wj, while Pot(w;) represents the potency of term w;.

Our method differs from traditional methods of leveraging
KGs to support LLMs by employing a dependency matrix
algorithm that emphasizes keywords extracted from lesson
plans and their interrelationships within the educational KG.
This strategy enhances the LLM’s ability to comprehend and
utilize the rich, domain-specific information present in the
education field.

Sam(wi, wj) =

@)

3.2 Enhancing Semantic Refinement

This subsection is primarily divided into two key compo-
nents: data and KG processing, and training input. The first
component focuses on ensuring a high-quality foundation
for model training through precise handling of both data
and the knowledge graph. The second component empha-
sizes the integration of this data with subgraphs processed
by graph convolutional networks (GCNs), and how to effec-
tively input this combined information into the model for
training. Together, these components form the core of this
stage, which aims to generate lesson plans with richer and
more detailed semantics. The specific process is illustrated
in Fig. 3.

3.2.1 Data and KG Processing

In the data preprocessing phase, we ensure the quality of
training data, particularly within the context of educational
content. To achieve this, we employ a series of preprocessing
techniques designed to filter out noise, resolve ambiguities,
and efficiently extract valuable insights.

Initially, the textual data is transformed into a specialized
key-value pair format. Next, we apply Term Frequency-
Inverse Document Frequency (TF-IDF) analysis across the
entire dataset to identify critical keywords. These extracted
keywords are then integrated with the existing KG to con-
struct a subgraph that encapsulates the relevant concepts.

To enhance the granularity of node representation, we
expanded the dimensions of the graph convolutional net-
work (GCN) layers to configurations of 1x16 and 16x1.
This architectural adjustment enables a more detailed explo-
ration of the KG’s topological structure and captures subtle
variations in the interactions between nodes. Moreover, the
iterative refinement process plays a pivotal role in improv-
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Fig.3 Enhanced semantic refinement technology framework

ing the quality of educational lesson plans. By continuously
revisiting and refining the generated subgraph, we aim to
fine-tune the representation of key concepts and their inter-
relationships. This iterative enhancement is essential for
aligning the output with pedagogical goals and effectively
addressing the learning needs of the target audience.

Our objective is to update the node features using a GCN.
The update equation of GCN is as follows: let X denote the
input feature matrix representing the features of nodes. X
has dimensions N x D, where N is the number of nodes and
D is the feature dimension. We use the adjacency matrix A
to represent the graph’s connectivity structure, where A also
has dimensions N x N. A;; = 1 indicates there is an edge
between node i and node j, otherwise it’s 0.

HOHD = 5 (f)—%ziﬁ—%xw(”), 8)

where A = A + I is the adjacency matrix with added self-
loops, D = diag (Z j A; j) is the diagonal degree matrix,

X represents the node feature matrix, w® represents the
weight matrix at the /-th layer, I is the identity matrix, and
diag(-) denotes taking the diagonal elements. This completes
the computation process of a full graph convolutional layer.

Through the above steps, the learning of local information
is used to enhance the understanding and reasoning ability of
the entire KG, thereby improving the generalization ability
and expression ability of the model.

3.2.2 Training Input Data

In this section, we detail the training input process, with
a focus on integrating the preprocessed data and the sub-
graph generated by the graph convolutional network (GCN).
The preparatory phase involves aligning the input data with
the model’s architectural requirements. Fundamental pre-
processing steps-including tokenization, normalization, and
encoding-are employed to ensure the data is in a format
compatible with neural network ingestion. These steps stan-
dardize the input, preserve semantic integrity, and facilitate
efficient processing during training.

The subgraph generated by the GCN captures complex
relationships among keywords extracted from the educa-
tional content. By leveraging graph-based representations,
the subgraph enriches the input data with semantic connec-
tions and contextual information derived from the broader
knowledge graph (KG). However, effectively enabling the
large language model (LLM) to utilize the key information
embedded in the GCN-generated subgraph to guide lesson
plan generation presents a significant challenge.

To address this, we introduce a labeling strategy that helps
the model distinguish between textual input and subgraph-
derived information. These labels act as essential markers,
directing the model on how to incorporate the subgraph’s
knowledge during training. This labeling technique enables
precise annotation of the input data, allowing the model to
apply subgraph information in a targeted manner to enrich
and optimize lesson plan generation. As a result, the model’s
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ability to interpret and utilize the KG is enhanced, leading
to improved comprehension and application of educational
content, and ultimately elevating the model’s overall perfor-
mance.

We integrate the subgraph’s features into the LLM’s train-
ing process through encoding and prompt-based instruction.
These prompts explicitly guide the model to leverage the sub-
graph’s semantic information when generating lesson plans.
This strategy not only results in higher-quality, semantically
rich outputs but also improves the model’s performance in
understanding and applying domain-specific knowledge.

3.3 Summary of Methods

By following these two primary stages, we gain deeper
insights into the relevant knowledge within the educational
domain during LLM training. This process facilitates the gen-
eration of lesson plans that are not only more semantically
rich but also better tailored to individual learning needs.

4 Experiments

This section presents our extensive experiments, validating
the effectiveness of our approach through a range of evalua-
tion metrics and expert assessments.

4.1 Experiment Datasets and Evaluation Metrics

Our choose datasets from students’ internships at primary
and secondary educational over three years. These datasets
include internship experiences, training data for scoring, and
a curated subset focusing on mathematics subjects. We also
build an education KG to enrich our model’s training. This
KG aids in developing a deep understanding of mathematical
principles, enhancing the generation of lesson plans.

For evaluating our model’s performance, we define diverse
metrics including perplexity, Rouge, and BLEU scores,
alongside metrics tailored for Chinese text. These metrics
provide effective tools for comparing and optimizing the gen-
erated lesson plans, ensuring comprehensive assessment and
optimization of our method.

(1) Educational-effectiveness. This is a core metric in our
evaluation, designed to measure the pedagogical sound-
ness of generated lesson plans. It is composed of four
dimensions, consistent with the educator ratings shown
in Table 4:

Preliminary analysis (Ea): assessing learner analysis,
content analysis, and environmental analysis to ensure
comprehensive and accurate preparation.

Teaching objectives (To): evaluating the clarity, align-
ment with curriculum standards, and hierarchical struc-
ture of stated learning objectives.
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Teaching process design (Tpd): assessing logical coher-
ence, methodological diversity, quality of interaction, and
timeliness of feedback.

Documentation specification (Ds): evaluating structural
organization, formatting clarity, and linguistic accuracy
of the lesson plan.

Each dimension is scored individually and aggregated
into a composite score, which is then normalized into the
range [0, 25]. Higher scores reflect stronger educational
effectiveness.

(2) Minedit-similarity. This metric is derived from the min-
imum edit distance between the generated text and the
reference lesson plan. We normalize the edit distance
by the maximum string length, so the final score ranges
from O (completely different) to 1 (identical). Lower
raw edit distances or higher normalized similarity val-
ues represent better alignment with the reference. Our
implementation follows the formulation used in prior text
similarity studies.

(3) Readability metrics. We adopt Kincaid-grade, Kincaid-
score, and SMOG-index, which are classical readability
formulas originally developed for English texts. In our
work, we use the Chinese-adapted implementations pro-
vided in the *cntext* library, which extend these formulas
to Chinese by computing lexical and syntactic com-
plexity based on character segmentation and sentence
structure. Despite known limitations, these metrics pro-
vide an approximate measure of text difficulty in Chinese.

(4) Oread. Thisis an overall readability index provided by the
cntext library. It integrates multiple linguistic features,
including lexical diversity, syntactic depth, and cohesion
indicators, to yield a composite score of text readability.
Higher Oread values indicate clearer, more fluent, and
more accessible text.

All custom metrics and implementations are cited from
the cntext library (https://github.com/zhw3051/cntext), and
we provide further justification for their use in the Discussion
section. Oread is derived from two sub-indicators:

Lexical complexity (Lc): measured as the average number
of characters per clause.

Syntactic complexity (Sc): measured as the proportion of
adverbs and conjunctions within each sentence.

The final Oread score is computed as:

Oread = 100 — (Lc + Sc)/2. O]

4.2 Experiment Setup

Our research encompasses extensive experiments involv-
ing diverse models, including GPT3.5 [32], GPT2 [32],
Baichuan2-13B [78], and ChatGLM?2-6B [79]. And the KE-
LPG method is integrated into the Baichuan and ChatGLM
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Table 2 Experimental data on Chinese text readability

Table 3 Comparative Analysis: KE-LPG vs ChatGLM2

Model Lc Sc Oread Method ChatGLM2 KE-LPG(ChatGLM?2)
Raw Data 59.22211 2.23584 69.27102 Bleu-4 10.40894 12.55231
ChatGLM2-6B 56.95826 1.60578 70.71798 Cosine-similarity 0.03002 0.02128
KE-LPG(ChatGLM) 51.79762 2.57937 72.81151 Educational-effectiveness 15.56189 17.56284
GPT2 139.8 22 29.0 Kincaid-grade 38.80294 20.06125
GPT3.5 (135B) 37.96911 1.66544 78.18272 Kincaid-score 10.32457 58.24919
Baichuan2-13B 42.39827 2.20779 73.19697 Jaccard similarity 0.27021 0.22145
KE-LPG(Baichuan) 39.29845 1.85614 76.02483 Minedit-similarity 2411.94044 2389.47239
The bold values indicates the result value Rouge-1 22.82476 17.19830
Rouge-2 9.82228 6.98531

o Rouge-1 16.03698 11.97214

models for enhanced training. We used an NVIDIA RTX Smog-index 167086 0.94051

A6000 for experiments. Evaluations included many met-
rics ,expert evaluation from mathematics teachers was also
sought, focusing on four dimensions: preliminary analysis,
teaching goal clarification, teaching process design, and doc-
ument specification, each carrying a weighted score of 25%.

4.3 Experimental Results

We conducted experiments to evaluate the effectiveness of
our KE-LPG method, assessing factors like text readability,
similarity, and expert ratings.

4.3.1 Text Readability

Table 2 provides an overview of fine-tuned lesson plans
across different models, evaluated using the cntext library’s
readability function with indicators Lc (Lexical Complexity),
Sc (Syntactic Complexity), and Oread(Overall text readabil-
ity). Original content scores approximately 69.27 without
processing. Fine-tuning with GPT2, which has limited Chi-
nese understanding, resulted in unreadable text. Direct use
of ChatGLM-6B improved readability compared to the orig-
inal text. Incorporating KG during ChatGLM2-6B training
increased readability by approximately 2%. Despite reduc-
ing vocabulary complexity, sentence complexity moderately
increased. The text readability achieved by the 6B model
combined with the KG we use is close to the BaiChuan-13B
model level, and we combine the KE-LPG method into the
Baichuan model. Its readability is less than 2% different from
GPT, but GPT3.5 is The 135B model is about 10 times larger
than the model we used. This verifies the effectiveness of
our method in enhancing the readability of generated text,
demonstrating its academic value in improving text quality.

4.3.2 Comparative Analysis: KE-LPG versus ChatGLM2-6B
Table 3 presents a comparative analysis between ChatGLM2-

6B and KE-LPG(ChatGLM), evaluating their performance
across various metrics. KE-LPG outperforms ChatGLM2-

The bold values indicates the result value

6B in BLEU-4 scores, achieving 12.55231 compared to
10.40894, indicating higher lexical matching with the ref-
erence text. Additionally, KE-LPG demonstrates superior
performance in metrics such as Kincaid level and score,
Rouge-1, Rouge-2, Rouge-L, and SMOG, with notable
improvements in Rouge indicators. Combining Kincaid-
grade with KG resulted in lower scores, suggesting better
suitability for students in lower grades. Furthermore, the KE-
LPG method exhibits higher Jaccard similarity and lower
minedit similarity compared to KG integrated lesson plans,
indicating stronger consistency and requiring fewer edit-
ing operations for conversion. These findings highlight the
enhanced learning potential and stronger consistency of text
produced by the KE-LPG method.

It is worth noting that the evaluation metrics in Table 3
exhibit seemingly conflicting trends. For example, BLEU-
4 improves while ROUGE-1/2/L decreases. This diver-
gence can be explained by the different focuses of the
metrics: BLEU emphasizes precise n-gram matches with
the reference, while ROUGE prioritizes recall and cov-
erage of reference expressions. Since KE-LPG introduces
more domain-specific and semantically enriched expres-
sions, exact matches increase (higher BLEU), but lexical
overlap with the reference can decrease (lower ROUGE).
Similarly, cosine and Jaccard similarities capture lexical
overlap at the global level, which may drop if the generated
text uses alternative but pedagogically valid phrasing. How-
ever, BLEU still recognizes the correctness of local matches.

Regarding readability metrics, the trends among Kincaid-
grade, Kincaid-score, and SMOG appear inconsistent. We
note that Kincaid-grade, Kincaid-score, and SMOG are orig-
inally designed for English, and their direct application to
Chinese is not equivalent. In Table 6, the metrics are com-
puted via the cntext library, which provides Chinese-adapted
versions. Despite differences in sensitivities to lexical and
syntactic complexity, the overall readability indicator Oread

@ Springer
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Table 4 Professional Educator

. Method ChatGLM2 KE-LPG (ChatGLM)

Ratings, evaluate from four

dimensions: Early analysis (Ea), A B C D E F G A B C D E F G

Teaching objectives (To),

Teaching process design (Tpd), Ea 173 151 182 194 169 155 20.1 192 181 215 220 19.1 182 232

Documentation specifications To 20.1 214 184 182 196 174 18.1 21.1 21.1 21.1 204 200 20.1 184

(Ds) Tpd 182 193 182 192 162 173 173 193 204 203 219 181 184 20.1
Ds 172 183 175 167 19.1 207 192 185 203 185 19.1 203 20.0 19.0
Total 72.8 741 723 735 718 709 747 781 799 814 834 775 767 80.7

The bold values indicates the result value

consistently shows that KE-LPG achieves higher fluency and
clarity compared to the baseline.

4.3.3 Professional Educator Ratings

Table 4 involves seven mathematics educators in assess-
ing lesson plans generated by different models and meth-
ods. Evaluation criteria include preliminary analysis, teach-
ing goal clarification, teaching process design, and docu-
ment specification, ensuring precise analysis of knowledge
structure and teaching content correctness. The evaluation
assesses tasks analysis accuracy, learner characteristics con-
sideration, and teaching focus identification. Emphasis is on
clear objectives aligned with subject characteristics and stu-
dent cognition, innovation in creating teaching situations,
and practical guidance of student participation. Presenta-
tion methods, embodiment of new curriculum concepts, and
learning methods are also scrutinized, alongside formatting
and layout. Evaluation experts are anonymized as Professor
A-G, providing valuable insights into lesson plan effective-
ness.

4.3.4 Comparison of Different Combining of KG and LLM
Methods

To assess the impact of different knowledge graph (KG)
integration strategies with large language models (LLMs),
we compare our proposed method-GCN-based integration-
with three widely used alternatives: GraphSAGE, GAT, and
entity linking. The evaluation metrics include the Oread score
(textual coherence and fluency) and an educational effective-
ness score derived from domain-specific task alignment (see
Table 5).

The results demonstrate that our GCN+LLM approach
consistently outperforms the baselines, achieving the high-
est Oread score (72.81%) and educational effectiveness
(17.56). These results indicate stronger coherence in gener-
ated content as well as superior alignment with educational
objectives. In contrast, while GAT and GraphSAGE show
moderate improvements over simple entity linking, they fall
short in both linguistic quality and instructional value.

S @ Springer

Table 5 Comparison of different combinations of KG and LLM

Methods Oread Educational-effectiveness
GCN+LLM 72.81151 17.56284
EntityLink+LLM 70.64482 5.73496
GraphSAGE+LLM 71.02156 5.51818

GAT+LLM 71.65438 5.19783

The bold values indicates the result value

The superior performance of GCN is attributed to its
capacity for capturing global and hierarchical relationships
within the KG, thereby enabling deeper semantic understand-
ing during content generation. This substantiates the value
of graph convolutional structures in integrating structured
knowledge with pre-trained language models. Given these
findings, we advocate for GCN-based architectures as the
preferred strategy in KG-augmented educational language
modeling tasks, offering a balanced trade-off between tex-
tual fluency and pedagogical accuracy.

4.3.5 Ablation Experiment

In Section 3.1, we introduce a novel methodology that lever-
ages KGs to enhance LLM. Our approach involves using
LLMs to extract keywords from the knowledge base and then
evaluating relationship weights among these keywords using
Graph Laplacian learning techniques. Ablation experiments
detailed in Table 6 assess the impact of this method on text
readability.

The configuration KE-LPG (Not Enhanced) refers to the
ablation setting where the knowledge graph (KG)-based
semantic refinement components are removed. Specifically,
the model does not incorporate the keyword graph con-
structed via graph Laplacian learning or the subgraph features
derived from the GCN. In this setting, the LLM retains its
basic fine-tuning on the lesson plan dataset, but no KG-
enhanced knowledge integration is applied. This allows us
to isolate the contribution of the KG-based semantic refine-
ment from the underlying LLM capability.

Our experimental results show a significant enhance-
ment in text readability when augmenting LLLM capabilities
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Table 6 Ablation experimental

Model Lc Sc Oread
ChatGLM2-6B 56.96 1.61 70.72
KE-LPG (ChatGLM) 51.80 2.58 72.81
KE-LPG (ChatGLM) (Not Enhanced) 54.36 1.99 71.10
Baichuan 42.39 2.21 73.20
KE-LPG (Baichuan) 39.30 1.86 76.02
KE-LPG (Baichuan) (Not Enhanced) 41.02 1.97 74.87

The bold values indicates the result value

Table7 This table shows the GPU memory usage when using different
methods

Methods GPU memory
ChatGLM2 11.5G
KE-LPG (ChatGLM) 11.5G
Baichuan2 27.7G
KE-LPG (Baichuan2) 27.7G

The bold values indicates the result value
Comparison of GPU memory helps evaluate the performance differ-
ences of different methods regarding resource utilization

through this approach. This underscores the effectiveness
of integrating KGs into LLM, improving the quality and
coherence of generated text. Consequently, our methodol-
ogy presents an efficient strategy for utilizing KGs to boost
natural language processing tasks.

4.3.6 Performance Testing

Table 7 shows the GPU memory utilization of the vari-
ous methods we tested. Through a thorough analysis of
GPU memory utilization, we can discern the performance
distinctions among different methods concerning resource
utilization. It is worth noting that ChatGLM2 and the KE-
LPG method with the addition of KE-LPG show uniform
GPU memory usage of about 11.5G. In contrast, Baichuan2
requires higher GPU memory allocation. After fine-tuning by
Lora [80], the peak reached 27.7G, but adding KE-LPG did
not significantly increase the memory at all. This compara-
tive analysis not only aids in the judicious selection of models
suited for specific application scenarios but also underscores
the potential efficiency of KE-LPG in resource-constrained
environments. The KE-LPG we designed does not signifi-
cantly increase the GPU memory but also improves the effect.

5 Discussion

In this paper, we focused on integrating Knowledge Graphs
(KG) with Large Language Models (LLMs) to generate

personalized and semantically rich lesson plans in math-
ematics. Our approach, KE-LPG, leverages a GCN-based
architecture to model the intricate prerequisite dependencies
among mathematical knowledge points. These dependencies
reflect logical learning progressions, which are crucial for the
design of effective instructional materials. By capturing these
relationships, our method supports more coherent and peda-
gogically aligned lesson plans, ultimately enabling adaptive
and targeted teaching strategies.

Compared to traditional template-based or purely LLM-
driven generation methods, KE-LPG demonstrates improved
semantic coherence and knowledge grounding. This helps
mitigate common issues such as factual inaccuracies and
vague or generic outputs, thereby reducing the cognitive
and manual workload on educators. Our results-measured in
terms of readability and expert evaluation-suggest a mean-
ingful improvement in the overall quality of lesson plan
generation.

We also acknowledge limitations in our evaluation met-
rics. The results in Table 3 are reported as raw values without
statistical testing. To strengthen reliability, we will include
significance analysis (e.g., paired t-tests and bootstrap resam-
pling) in the revised version. Moreover, some metrics, such
as educational effectiveness and minedit similarity, were
insufficiently defined in the original draft. In the revision,
we explicitly introduce these metrics in Section 4.1, includ-
ing their formal definitions, scoring ranges, and references.
Finally, while classical readability metrics such as Kincaid-
grade and SMOG were originally developed for English, we
justify their use here by adopting the Chinese-adapted imple-
mentations provided in the *cntext* library. We also highlight
their limitations and note that future work will explore read-
ability measures tailored specifically for Chinese educational
content.

The construction and maintenance of high-quality domain-
specific KGs can be labor-intensive, and the model’s com-
putational complexity may pose scalability challenges in
broader applications. Moreover, while KGs are effective in
modeling relational information, they do not inherently pro-
vide formal semantic validation.

To this end, we recognize the value of ontologies-
structured, logic-based knowledge representations that sup-
port explicit reasoning and formal validation. Ontology-
based Al systems have demonstrated success in contexts
where semantic accuracy is critical, such as intelligent tutor-
ing and education diagnostics. These systems define precise
conceptual hierarchies and rules, enabling stronger guaran-
tees of content validity.

Compared to ontologies, KGs offer more flexibility and
scalability, particularly in real-world educational settings
where data is often semi-structured or evolving. KGs also
integrate more easily with LLMs using existing graph neural
network architectures. Nonetheless, we acknowledge that the

@ Springer



Arabian Journal for Science and Engineering

lack of formal logical consistency mechanisms in KGs may
limit the semantic precision of LLM outputs.

Recent studies have explored hybrid approaches that inte-
grate ontologies with LLMs, combining the interpretability
and reasoning power of ontologies with the adaptability
and language understanding of modern language models.
Inspired by this, future work will explore such hybrid frame-
works, aiming to retain the flexibility of KG-based modeling
while benefiting from the formal guarantees of ontological
reasoning. This direction could address current limitations in
validation and semantic accuracy.

Furthermore, although our current work focuses on math-
ematics, our approach has the potential to be applied across
other academic disciplines. Expanding to a multidisciplinary
context will require the construction of new KGs and the
adaptation of evaluation strategies to fit domain-specific ped-
agogical requirements. Improving our evaluation metrics and
incorporating more diverse datasets will further enhance the
robustness of the model and its applicability in real-world
educational environments.

While our experiments show 2% improvements in text
readability and 5-6% in expert ratings, we acknowledge that
this level of accuracy may still fall short of expectations for
Al systems in critical domains. Education, despite being dif-
ferent from sectors like healthcare or nuclear safety, plays
a foundational role in societal development. Thus, the pre-
cision of Al-generated educational content should be held
to a similarly high standard. Our work offers an early step
toward achieving this goal and lays the groundwork for more
reliable, semantically aware educational Al systems.

6 Conclusion and Future Work

In this study, we proposed KE-LPG (Knowledge-Enhanced
Lesson Plan Generation), a novel approach that effec-
tively integrates Knowledge Graphs (KG) with Large Lan-
guage Models (LLM) to generate high-quality, semantically
grounded, and personalized instructional plans. By leverag-
ing the structured semantic representation of KGs and the
generative capabilities of LLMs, KE-LPG offers a powerful
framework for educational content generation that balances
factual accuracy, domain relevance, and contextual fluency.
Our method was empirically validated using a compre-
hensive three-year mathematics curriculum dataset, further
enriched with internship-based instructional records. This
fusion of structured and real-world educational data enables
KE-LPG to support pedagogically sound lesson planning
that aligns with cognitive development frameworks such
as Bloom’s Taxonomy. The resulting lesson plans demon-
strate improved coherence, adaptability, and instructional
relevance, marking a significant advancement in the appli-
cation of Al in education.

@ Springer

While our findings are promising, several limitations
remain. The model currently depends on the availability and
quality of domain-specific knowledge graphs, and the com-
putational demands of integrating GCN with LLM present
scalability challenges. Additionally, although our evalua-
tion metrics capture core aspects of instructional effective-
ness, further refinement—particularly incorporating student
feedback and longitudinal outcomes—would strengthen the
assessment of pedagogical impact.

Looking forward, future research will explore the incorpo-
ration of multimodal data (e.g., video lectures, assessments),
expand the model to diverse subject domains, and enhance
interpretability and ethical alignment of the generated plans.
Moreover, we aim to develop more robust evaluation frame-
works that better reflect real-world classroom dynamics and
instructional diversity.
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