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Evaluating simulated teaching
audio for teacher trainees using
RAG and local LLMs

Ke Fang¥?*/, Ci Tang? & Jing Wang?

In the training of teacher students, simulated teaching is a key method for enhancing teaching skills.
However, traditional evaluations of simulated teaching typically rely on direct teacher involvement and
guidance, increasing teachers’ workload and limiting the opportunities for teacher students to practice
independently. This paper introduces a Retrieval-Augmented Generation (RAG) framework constructed
using various open-source tools (such as FastChat for model inference and Whisper for speech-to-text)
combined with a local large language model (LLM) for audio analysis of simulated teaching. We then
selected three leading 7B-parameter open-source Chinese LLMs from the ModelScope community to
analyze their generalizability and adaptability in simulated teaching voice evaluation tasks. The results
show that the internlm2 model more effectively analyzes teacher students’ teaching audio, providing
key educational feedback. Finally, we conducted a system analysis of the simulated teaching of 10
participants in a teaching ability competition and invited three experts to score manually, verifying

the system’s application potential. This research demonstrates a potential approach to improving
educational evaluation methods using advanced language technology.
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Simulated teaching, as an important educational practice, serves not only as a critical means for teacher trainees
to exercise and enhance their teaching skills but also as a key process for self-reflection and growth'2. It creates
a non-threatening and purposeful environment where students can apply their knowledge, complex skills, and
abilities, thereby building confidence and proficiency in teaching®*. This method can replicate various scenarios
and provide immediate feedback, thus promoting more learning in a shorter time>®.

Behavioral skills such as curriculum planning, classroom management, and communication cannot be fully
developed through knowledge-based training methods alone. Practice has shown that these skills are most
effectively acquired through hands-on experience®. Although traditional lectures and written instruction are
effective in conveying facts and conceptual knowledge, student teaching experiences remain the most influential
in learning how to teach’. Research indicates that students should be active participants in the learning process
from the early stages of their internship, engaging in meaningful or relevant contexts®®. Therefore, simulated
teaching as a tool can create a more realistic, experience-based learning environment, helping schools and
universities address emerging challenges in teacher training®.

However, traditional evaluations of simulated teaching often require direct teacher involvement and guidance,
increasing the teacher’s workload and limiting the frequency and opportunities for teacher trainees to practice
independently'®-12,

In recent years, artificial intelligence has been increasingly applied in educational instruction and
evaluation!®-1%,

Zhong et al.' conducted a bibliometric analysis using the bibliometrix R package on 970 relevant articles
published between 2000 and 2023. Their study revealed the developmental trajectory, major contributors, and
emerging trends of machine learning in the education sector, highlighting its potential transformative impact
on teaching and learning methods. However, Artificial Intelligence in Education (AIEd) still faces numerous
challenges and ethical considerations during its integration, including avoiding bias in algorithm design and
application, protecting student privacy, and ensuring fairness and transparency. Zawacki-Richter et al.'’, through
a systematic review of 146 publications from 2007 to 2018, pointed out that AIEd research is predominantly
focused on computer science and STEM disciplines. It is applied in areas such as academic support, assessment
and evaluation, adaptive systems, and intelligent tutoring systems. However, they noted a lack of exploration
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from theoretical pedagogical perspectives and ethical discussions. Crompton and Burke!® conducted a systematic
review further confirming the rapid development of AIEd in higher education, especially the significant increase
in research publications from China in recent years. They also noted increased involvement of researchers from
educational sectors and emphasized the need for future studies to pay greater attention to emerging tools like
ChatGPT.

These studies collectively reveal the broad impact and potential of Al in education while reiterating concerns
regarding ethics and bias in artificial intelligence. In the design and implementation of this study, audio data
from pre-service teachers were pre-screened and reviewed manually to reduce the risk of introducing content
containing obvious discriminatory, hateful, or extreme language into the model’s inference process.

Regarding teaching evaluation, Rui Wang and others'® used small object detection technology to analyze
and evaluate students’ behaviors in the classroom. TS and Guddeti*’demonstrated a hybrid convolutional neural
network for analyzing students’ body postures, gestures, and facial expressions to assess engagement. Guo and
others*'improved the evaluation process of university English teaching by integrating artificial intelligence with
the Rasch model. Ngoc Anh and others?? developed an automated system based on facial recognition technology
to assess student behaviors in the classroom. Jingjing Hu?® significantly enhanced the classification accuracy
of the teaching evaluation system using machine learning and artificial intelligence methods, particularly the
weighted naive Bayes algorithm, compared to traditional algorithms such as naive Bayes and backpropagation.
M Rashmi and others®* proposed an automated system based on YOLOV3 for locating and recognizing multiple
actions of students within a single image frame.

Although these studies have significantly improved the automation level and precision of teaching evaluations
by introducing advanced Al technologies such as hybrid convolutional neural networks, facial recognition
technology, and machine learning algorithms, they primarily focus on analyzing behaviors, facial expressions,
and body postures, with less attention given to language evaluation. Yet, in the evaluation of simulated teaching
by teacher trainees, language presentation of classroom plans, classroom management, and experimental design
are important dimensions for assessment?”.

LLMs, particularly in the field of natural language processing (NLP), offer new solutions for addressing the
above issues?>?. LLMs are deep learning models with extensive parameters trained on large datasets to learn
rich language features and complex structures?®??. These models, pre-trained on vast amounts of text data, have
acquired extensive language and world knowledge, enabling them to better understand and process natural
language, with excellent generalizability and adaptability®®3!,

Local open-source LLMs, although having fewer parameters and not as universally performant as commercial
models, offer advantages of free usage, community support, high flexibility, no dependence on the internet, and
complete localization of data and storage. They can also satisfy specific downstream tasks*2.

In view of this, this paper designs a Chinese audio evaluation system for simulated teaching by normal school
students. The system utilizes speech-to-text technology and a local large language model for analysis, aiming
to explore the feasibility and potential of RAG and local large models in simulated teaching scenarios. As the
research focuses more on exploring how Al models provide personalized feedback and suggestions to normal
school students in the dimensions of speech transcription and language analysis, this study does not include a
control group to systematically compare the effects of traditional evaluation methods and the evaluation system.

The contributions of this study are:

« Introduced a method using open-source tools to build a RAG framework and perform inference analysis with
local LLMs.

« Assessed the generalizability and adaptability of three open-source Chinese LLMs in the task of audio evalu-
ation for simulated teaching.

o Analyzed the simulated teaching audio of 10 participants in a teaching ability competition, with three experts
invited for manual scoring, demonstrating the application potential of the system.

« Enriched the literature on LLM applications in educational evaluation, an area that still has relatively few
studies.

System design and implementation

Integration strategy selection for LLMs

In the current field of artificial intelligence, large language models (LLMs) have become key technologies for
achieving natural language understanding and generation®’. With the expansion of model scale and optimization
of algorithms, these models have demonstrated outstanding performance across various downstream tasks.
Typical integration strategies for LLMs in downstream tasks include direct fine-tuning’”, zero-shot and few-
shot learning®®’, knowledge distillation, and retrieval-augmented generation (RAG)*’.

Direct fine-tuning is the most straightforward integration strategy, involving the adjustment of pre-trained
model weights for specific downstream tasks. This approach is simple and effective but may require a large
amount of labeled data. Zero-shot and few-shot learning leverage the generalization capabilities of LLMs
to perform tasks with no or very few labeled data. While this method achieves significant results on certain
tasks, its performance often lags behind fully fine-tuned models. Knowledge distillation transfers knowledge
from large models to smaller models, aiming to maintain the performance of smaller models while reducing
computational costs and improving inference speed. Retrieval-augmented generation (RAG) combines
retrieval and generation, enhancing generation tasks by retrieving relevant information, thereby improving the
model’s ability to handle complex queries®.

This study selects RAG for its advantages:
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« Enhanced content understanding: By retrieving relevant documents, RAG models can provide deeper eval-
uations.

o High adaptability: Due to its reliance on dynamic retrieval, RAG can adapt to various teaching content and
styles.

o Reduced data dependency: Compared to strategies like direct fine-tuning, which require large amounts of
labeled data, RAG reduces reliance on extensive labeled datasets by utilizing existing data.

System framework and workflow

In constructing the system framework, this study adopts a technical solution based on open-source tools. The
system utilizes NVIDIA Triton Inference Server” for text vectorization and retrieval model deployment,
FastChat*! for large language model inference, Milvus*? as the vector retrieval database, Whisper*® for building
the speech-to-text service, and the Sanic** framework for constructing the intermediate web layer.

NVIDIA Triton Inference Server is deployed using Docker to ensure consistency and scalability of the
model deployment environment. Milvus is also deployed via Docker, with its official image supporting the
rapid deployment of an efficient vector database, providing a stable vector retrieval service. FastChat, serving
as a large-scale language model inference service, operates independently and is registered as a Sanic service.
It communicates with the Sanic backend through internal APIs to handle natural language processing tasks.
Whisper operates as a speech recognition service, similarly running independently and registered as a Sanic
service, for on-demand transcription of user speech input. Sanic processes all requests from the frontend and
routes them to the appropriate service based on the request type: speech requests are routed to the Whisper
service for recognition and transcription, storage and data retrieval requests are routed to the Milvus service
to utilize its vector database for retrieval, and final merged text requests are routed to the FastChat service
for processing. All service calls are managed through Sanic’s asynchronous processing mechanism. The system
architecture is illustrated in Fig. 1.

To fully leverage the performance of the RAG framework, along with support for Chinese natural language
processing and NVIDIA RTX 4090 GPU resources, this study selects a series of models to handle tasks such as
document-to-text conversion, speech-to-text conversion, text vectorization, re-ranking, and language model
generation. These models include Whisper’s latest speech-to-text model Large-v3, bce-embedding-base_v1%
for text vectorization, bee-reranker-base_v1% for the re-ranking phase, and models for Chinese natural language
generation, such as Baichuan2-7B-Chat*, Qwen-7b-Chat¥, and InternLM2-Chat-7B*. These models are
based on large Transformer architectures, specifically designed and optimized for processing Chinese text. They
exhibit powerful language understanding and generation capabilities and can operate on NVIDIA RTX 4090
GPUs with 16-bit quantization. Within the RAG framework, these models are responsible for generating text
outputs based on retrieved information.

The system workflow is divided into two main stages: the storage process and the retrieval process.

Storage process

During the storage process, audio data is denoised and then converted into text format using Whisper’s Large-v3
model. Issues such as repeated phrases, non-Chinese content, background noise, and transcription errors
significantly affect text quality during speech transcription. To address these issues:
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Fig. 1. System architecture diagram.
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« Audio denoising and voice enhancement are employed to improve audio clarity.

« Audio slicing is performed to enhance transcription accuracy.

+ Dynamic phrase repetition detection algorithms and non-Chinese character ratio detection are used to ana-
lyze transcription quality, and poorly transcribed segments are retranscribed.

« Through system-fixed expression adjustments and multiple transcription attempts, the final transcriptions are
cleaned and optimized.

The transcribed text data is then input into the bce-embedding-base_v1 model to generate corresponding text
embedding representations. Due to the large volume of transcribed text, a segmentation algorithm combined with
a dynamic merging strategy is applied to segment the text, generating high-dimensional vector representations
to support subsequent semantic search. The generated embeddings are stored in the Milvus vector database.

Retrieval process
During the retrieval process, the query is first converted into a vector representation using the bce-embedding-
base_v1 model, following a procedure similar to the text vectorization process in the storage phase. The converted
query vector is used to perform similarity search within the Milvus database. Leveraging hybrid search and
Milvus’s vector retrieval capabilities, the most relevant text data to the query is quickly located.

The retrieved candidate results are then re-ranked using the bce-reranker-base_v1 model. In this step:

 Queries and paragraphs are tokenized, concatenated, and processed.

« For excessively long paragraphs, segmentation and overlap strategies are applied.

o The concatenated sequences are inferred using the Triton Server, with scores calculated via the Sigmoid func-
tion.

« For multiple slices of the same paragraph, the maximum score is taken as the final score for that paragraph.

The re-ranked high-relevance results are combined with the user’s original query and provided as input to large
language models (LLMs) such as Baichuan2-7B-Chat, Qwen-7b-Chat, and InternLM2-Chat-7B. The system
workflow is illustrated in Fig. 2, and example code for the core modules can be found in Supplementary Material
1.

Model selection
To assess the models’ generalization ability for evaluating simulated teaching texts, this study imported a
simulated teaching audio as a reference document. Based on Bloom’s taxonomy of educational objectives*’ we
designed questions across six dimensions to ask the LLMs. The models’ responses were manually analyzed and
scored. The scoring standards are provided in Supplementary Material 2.

Questions designed based on Bloom’s Taxonomy of Educational Objectives:

« Knowledge level question: Identify the basic knowledge points demonstrated in the student teacher’s simulat-
ed teaching text and explain their importance.

« Comprehension level question: Explain how the student teacher’s simulated teaching text demonstrates an
understanding of the teaching content. Provide specific examples.

Milvus

Re-ranking S Merge Input for LLMs
& :

bce-reranker-

base v1 LS

Vector Storage

Vector Retrieval

«©

il |

= —~ >

| e @ a A

Voice to Text Text Embedding Text Embedding
Conversion Generation Generation
: Large-v3 b beddi
Audio ce-embpe Ing- Question
base v1
= Process of storage > Process of retrieval
Fig. 2. Workflow diagram.
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« Application level question: Analyze how theoretical knowledge is applied to actual teaching activities in the
student teacher’s simulated teaching text. Provide at least one example of practical application.

o Analysis level question: Evaluate the analytical abilities demonstrated in the student teacher’s simulated teach-
ing text when addressing teaching problems, especially how different concepts and theories are distinguished.

« Evaluation level question: Based on the student teacher’s teaching text, evaluate their critical thinking regard-
ing teaching methods and strategies.

« Creation level question: Describe how the student teacher’s simulated teaching text creatively designs courses
or teaching activities to enhance students’ learning interest and participation.

The total score for each model across the four dimensions per question (out of a total of 20 points) is shown in
Table 1. Detailed responses and analyses from the three LLMs to all questions can be found in Supplementary
Material 3.

From the analysis, it can be seen that each model is capable of understanding and describing the questions.
The main differences lie in the thoroughness of the answers and the clarity of expression. The InternLM2-Chat-
7B model performed best on multiple questions, therefore, we have selected this model for the task.

Experiments and results

After completing the system setup and selecting the LLMs, the study analyzed audio recordings from 10 students
who participated in a provincial-level teacher training simulation contest using the LLMs. The results were
summarized across four questions:

» “Please analyze the metacognitive skills demonstrated by the teacher trainees in this teaching video, especially
how they monitor knowledge and regulate themselves.”

o “Evaluate the performance of the teacher trainees in emotional education based on the video content, and
provide suggestions for improvement.”

o “Assess the diversity and innovation of the teaching strategies used by the teacher trainees, and propose opti-
mization suggestions based on the latest educational theories”

» “Analyze the effectiveness of classroom interaction and student engagement, highlighting strengths and areas
for improvement?”

These four questions analyze the simulated teaching of preservice teachers from four dimensions: metacognitive
skills, emotional education, teaching strategies, and classroom interaction. Metacognition focuses on the
professional growth of teachers by analyzing preservice teachers’ knowledge monitoring and self-regulation
to understand their abilities in self-reflection and improvement™. Emotional education reflects the teacher’s
humanistic qualities, focusing on preservice teachers’ responses to students’ emotional needs and evaluating
the teaching atmosphere and teacher-student relationships®!. Teaching strategies assess whether preservice
teachers can flexibly apply various teaching methods and design and improve their practices based on the latest
educational theories®. Classroom interaction directly reflects teaching effectiveness, with student engagement
and interaction quality being key indicators of successful teaching. This dimension helps teachers concentrate
on how to inspire deep learning among students®.

The model analysis results were scored by three professors specializing in education at our institution. The
scoring criteria are available in Supplementary Material 4, with the scoring results shown in Table 2.

The descriptive statistics for the scoring results (Fig. 3) are as follows: Content accuracy: Mean 4.13, Standard
deviation 0.51. Depth and detail: Mean 3.70, Standard deviation 0.53. Practicality and innovation: Mean 3.30,
Standard deviation 0.47. Logic and organization: Mean 4.50, Standard deviation 0.51. Critical thinking: Mean
3.77, Standard deviation 0.50. Language and terminology: Mean 4.37, Standard deviation 0.49.

The results of the ANOVA (Analysis of Variance, Fig. 4) to examine the differences in evaluation metrics
among different courses are as follows: Content accuracy: F-value: 1.33, P-value: 0.281. Depth and detail:
F-value: 1.24, P-value: 0.329. Practicality and innovation: F-value: 1.98, P-value: 0.098. Logic and organization:
F-value: 0.56, P-value: 0.817. Critical thinking: F-value: 2.69, P-value: 0.031. Language and terminology: F-value:
0.68, P-value: 0.718.

Discussion

Descriptive statistics indicate that content accuracy (4.13) and logical and organization (4.50) received relatively
high scores, demonstrating that the model is capable of accurately grasping and reproducing subject matter
content while organizing and expressing it in a logically clear manner. Language and terminology (4.37) also
performed well, reflecting the model’s potential in language expression and the application of domain-specific

terminology.
Model Knowledge-level | Understanding-level | Application-level | Analysis-level | Evaluation-level | Creation-level
Baichuan2-7B-Chat | 19 19 18 19 19 18
Qwen-7B-Chat 17 16 16 16 15 16
internlm2-chat-7b | 19 20 20 20 20 20

Table 1. Total scores per question for each model.
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Practicality and Comprehensive Language expression
Depth and | innovation of | Logicality and | assessment and critical | and use of professional
Subject Content accuracy | detail suggestions organization | thinking terminology Expert
4 3 4 5 3 4 Expert 1
Middle school 4 4 3 5 4 4 Expert 2
geography
4 3 3 5 3 4 Expert 3
4 4 3 5 4 5 Expert 1
Middle school art 4 3 3 4 4 5 Expert 2
3 4 3 4 4 4 Expert 3
5 4 3 4 4 5 Expert 1
Middle school math | 4 3 3 5 4 5 Expert 2
4 3 3 4 4 4 Expert 3
5 4 3 5 4 4 Expert 1
Middle school pe 4 3 3 4 4 4 Expert 2
4 4 3 4 4 4 Expert 3
4 4 3 5 4 4 Expert 1
High school biology | 4 3 3 4 3 5 Expert 2
4 3 3 4 3 4 Expert 3
5 4 4 5 4 5 Expert 1
High school music | 4 3 3 4 3 4 Expert 2
3 4 4 4 3 4 Expert 3
5 4 4 5 4 5 Expert 1
Elementary school 4 3 3 4 3 4 Expert 2
math
4 4 3 4 3 4 Expert 3
4 4 3 5 4 4 Expert 1
Elementary school
mental health > 4 4 5 4 5 Expert 2
4 4 3 4 4 4 Expert 3
5 4 4 5 4 4 Expert 1
Elementary school 5 4 4 5 4 5 Expert 2
english
4 4 4 4 4 4 Expert 3
4 4 3 5 4 5 Expert 1
Early childhood 5 5 4 5 5 5 Expert 2
education
4 4 3 4 4 4 Expert 3

Table 2. Model analysis results scoring.

However, scores for depth and detail (3.70), practicality and innovativeness of suggestions (3.30), and
comprehensive assessment and critical thinking (3.77) were relatively low. These results suggest that while the
model excels in handling foundational knowledge and language expression, it exhibits limitations in generating
in-depth, detailed analysis, innovative content, and critical insights. Improving these areas could be a focus for
future model optimization to better support the processing of complex educational content and the cultivation
of higher-order thinking skills.

Analysis of variance (ANOVA) results indicate that scores across different courses did not show significant
differences in most indicators. Content accuracy (F-value: 1.33, P-value: 0.281), depth and detail (F-value:
1.24, P-value: 0.329), practicality and innovativeness of suggestions (F-value: 1.98, P-value: 0.098), logical and
organization (F-value: 0.56, P-value: 0.817), and language and terminology (F-value: 0.68, P-value: 0.718) suggest
that variations in scores among courses are likely influenced more by random factors rather than significant
differences in course content itself. However, comprehensive assessment and critical thinking (F-value: 2.69,
P-value: 0.031) displayed significant differences, particularly in courses such as high school biology, high school
music, and elementary mathematics. This suggests that while the model can accomplish foundational knowledge
reproduction, it still has limitations in tasks requiring higher-level critical analysis and in-depth evaluation.

Additionally, expert feedback highlighted that the evaluation criteria only addressed limited dimensions of
the existing evaluation framework. The system also demonstrated incomplete recognition of more multimodal
courses such as music, art, and physical education. Furthermore, the textual output provided by the system
was not sufficiently intuitive, requiring teachers to perform secondary interpretation or combine it with other
formats for guidance.

This study involves analyzing simulated teaching audio recordings of teacher trainees. All experiments were
performed in accordance with the relevant guidelines and regulations.

All audio data were collected with the informed consent of participants, who were explicitly informed that
their data might be utilized for future educational research. According to the Ethics Review Committee of
Chengdu Normal University (IRB), this study does not require additional ethical approval due to its observational
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Fig. 4. ANOVA results.
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and non-interventional nature. To ensure the personal privacy of the participants, all data were appropriately
anonymized prior to analysis.

Limitations

Technical limitations

Although the Whisper model performs excellently in multilingual speech recognition, its sensitivity to specific
Chinese syllables is relatively low. This is particularly evident in recognizing sentences with complex contextual
dependencies, which may lead to ambiguities. As a result, the model may lose some semantic information when
transcribing complex language expressions or specific terms, affecting the accurate understanding of teaching
content.

Using the 7B model with 16-bit quantization provides computational efficiency under resource-constrained
conditions but inevitably leads to performance loss. During quantization, some precision of the model weights is
lost, directly weakening its ability to generate details and limiting its performance in contextual understanding.

This experiment focused solely on speech data, without integrating multimodal information such as video
and text. For instance, aspects like the teacher’s body language or classroom boardwork, which significantly
impact teaching effectiveness, were not included in the analysis. This single-input design fails to provide a
comprehensive evaluation of preservice teachers’ teaching abilities.

The large-scale model used in the experiment could only output textual evaluations, and the provided textual
output was not sufficiently intuitive, still requiring teachers to interpret it or combine it with other formats for
use.

Data and scoring limitations
The experimental data included audio samples from only 10 students, which is far from sufficient to reflect the
diversity of preservice teachers’ teaching behaviors.

The scoring was conducted by three experts with extensive educational experience. However, the limited
number of evaluators may restrict the diversity and perspectives in the evaluation process. Additionally, the
experts might exhibit some tolerance toward the model’s responses during evaluation, introducing a degree of
subjective bias into the scoring results.

The experiment did not fully account for other variables that might influence the scoring, such as students’
prior knowledge levels, learning styles, subject interests, and age differences.

Insufficient adaptation of the model to teaching scenarios
The current experimental design focuses on standardized simulated teaching scenarios, failing to cover diverse
teaching contexts such as special education, cross-cultural classrooms, or rural education.

Teaching is a dynamic interactive process involving students” real-time responses and teachers’ immediate
adjustments. However, the static analysis approach of this experiment could not capture these real-time
interactions, limiting the practical effectiveness of the model’s suggestions.

Limitations of the evaluation criteria
The evaluation criteria covered only limited dimensions of the existing evaluation system and lacked thorough
modeling and justification, which limited the authority of the scoring standards.

Future work

Technical optimization and enhancement

To address the Whisper model’s insufficient contextual understanding of Chinese speech, consider combining it
with domain-specific speech transcription models, such as tools optimized for Chinese, to enhance support for
complex semantics.

Introduce multimodal fusion technology to combine speech with text, images, and video, capturing more
semantic and non-semantic information (e. g., body language, facial expressions, boardwork) during teaching.

Utilize GPUs with larger memory or dedicated inference servers to support higher-parameter models (e.
g., 13B or larger), enhancing the model’s ability to generate detailed and innovative suggestions. Alternatively,
consider using distributed computing frameworks, such as cloud-based inference platforms, to support larger-
scale data training and inference.

Fine-tune the model for the education domain to improve its analysis of key teaching points (e.g., critical
thinking, studentinteraction). Employ thelatest algorithm optimizations, such as enhanced attention mechanisms
or hybrid models, to improve the model’s understanding of complex contexts and dynamic teaching scenarios.

Integrate text-to-image, text-to-video, and reinforcement learning-based recommendation systems to create
more intuitive multimodal evaluation and guidance tools, enhancing students’ efficiency in independent practice.

Data and sample expansion
Expand the experimental sample to a broader group of preservice teachers, covering diverse teaching
backgrounds, subject areas, and experience levels.

Collect more student audio, video, and classroom feedback data to build a multimodal dataset, providing
richer information for model analysis.

Extend the experimental scope to rural education, cross-cultural classrooms, and special education settings,
covering more complex educational contexts and making the model’s suggestions more applicable.

Introduce interdisciplinary educational resources (e.g., STEAM teaching content) and real classroom cases to
enrich the model’'s knowledge base and analytical capabilities.
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Incorporate more variables that may influence scoring, such as prior knowledge levels, subject interests, and
learning styles, into the experimental design. Use multifactor analysis to reduce biases. Standardize the scoring
criteria and include specific quantitative indicators.

Practical application and feedback loop
Deploy the model in VR and real teaching environments to observe its actual performance in teacher training,
classroom guidance, and teaching design. Collect detailed feedback from teachers and students to analyze the
model’s strengths and weaknesses in virtual education settings and further adjust its design.

Establish a feedback mechanism to dynamically adjust model parameters and inference processes based on
real-world performance and issues, ensuring the model adapts to practical needs.

Continuously update the model’s knowledge base by incorporating the latest research findings in education,
enabling it to provide cutting-edge educational suggestions.

Conduct long-term follow-up studies to evaluate the model’s actual contribution to improving teachers’
teaching skills and students’ learning outcomes, providing a basis for model improvement. Explore the model’s
extended applications in education evaluation, curriculum design, and teaching research.

Comprehensive evaluation system development
Customize new scoring standards for the existing teaching evaluation system, using structured modeling
approaches and providing thorough quantitative and qualitative justification.

Invite more experts from the field of education to participate in scoring and incorporate the perspectives
of teachers and students. Combine expert scoring with automated scoring to explore a human-machine
collaborative evaluation model.

Integration of educational philosophy
Incorporate case studies of educational models such as project-based learning (PBL), inquiry-based learning,
and flipped classrooms to help the model generate suggestions that better meet practical teaching needs.
Continue exploring the application of metacognitive teaching theories and personalized learning theories in
model analysis and suggestions.
Integrate STEAM education principles by combining science, technology, arts, and humanities to enhance
the model’s interdisciplinary analytical capabilities and provide references for innovative classroom design.

Conclusion

This study analyzed the simulated teaching audio of 10 participating students using a locally deployed RAG-based
large model, with the analysis results scored by three education experts. The goal was to evaluate the system’s
usability and application potential. Overall, the model scored highly in content accuracy, logical coherence
and organization, and language expression and use of professional terminology, demonstrating its strengths in
processing educational content and precise expression. These findings indicate the potential application value of
large models in traditional classrooms and online learning platforms, particularly for handling and presenting
complex teaching materials. Additionally, since the model supports multiple languages, it offers useful insights
for cross-language contexts such as English teaching analysis.

However, the study also revealed several limitations. First, the sample size was limited to audio data from
only 10 students, which constrains the representativeness and generalizability of the findings. Second, the
model’s understanding of certain courses and complex contexts, as well as its ability to generate innovative
content, requires improvement. In more diverse subject areas such as music, art, and physical education, the
model’s ability to capture teaching key points and nonverbal elements (e.g., body language , music and classroom
boardwork) remains inadequate. Furthermore, the scoring relied primarily on experts’ subjective evaluations,
lacking a refined and quantitative indicator system and control over other factors that may influence teaching
behavior (e.g., students’ prior knowledge levels, interests, and ages).

Based on these findings, future improvements and expansions should focus on the following aspects:

Technical optimization and multimodal integration: Address the Whisper model’s limitations in Chinese
context recognition by adopting speech transcription models optimized for Chinese or fine-tuning the model.
Incorporate multimodal technologies (text, images, video) to capture a broader range of information in teaching
processes.

Sample expansion and multi-scenario coverage: Expand the dataset to include a larger number of preservice
teachers from diverse backgrounds, subject areas, and teaching levels, covering varied teaching contexts such as
rural education, cross-cultural classrooms, and special education.

Model depth and innovation enhancement: Use larger parameter-scale models or distributed computing
frameworks to improve the model’s ability to generate detailed, innovative suggestions and analyze critical
thinking. Conduct fine-tuning for the education domain to enhance the model’s adaptability to dynamic
teaching and multidisciplinary content.

Refinement of evaluation standards and feedback mechanisms: Develop more detailed, quantitative, and
authoritative scoring standards. Incorporate feedback from teachers, students, and more domain experts to
explore hybrid evaluation models combining human and machine assessments. Deploy the model in VR or real
classroom settings to collect user feedback for continuous optimization.

Integration of educational philosophy: Incorporate educational approaches such as project-based learning,
inquiry-based learning, flipped classrooms, and STEAM education into training and evaluation processes to
enrich the model’s understanding and application of cutting-edge teaching methodologies.

In summary, the large model used in this study demonstrated potential applications in processing
educational content, language expression, and multilingual adaptation. However, continuous efforts are required
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in multimodal integration, enhancement of model innovation and critical thinking capabilities, and validation
with large-scale samples. Through ongoing technological iteration, data expansion, and feedback loops, the
system is expected to provide more valuable intelligent support for developing preservice teachers’ teaching
abilities and improving classroom quality in diverse educational contexts.

Data availability
The datasets used and/or analyzed during the current study are available from the corresponding author on
reasonable request.

Code availability

The key module code required to reproduce the results (including text transcription, text embedding, text vec-
tor storage and retrieval, and re-ranking) is available through Zenodo at https://zenodo.org/records/14699747.
Other relevant open-source tools and models can be obtained from the references in the paper. For further
inquiries, please contact the corresponding author of this paper.
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