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Abstract: This paper begins with a comprehensive review of the deliberate teaching practice
literature related to generative AI training platforms. It then introduces a conceptual
framework for a generative AI-powered system designed to simulate dynamic classroom
environments, allowing teachers to engage in repeated, goal-oriented practice sessions.
Leveraging recent advances in large language models (LLMs) and multiagent systems, the
platform features virtual student agents configured to demonstrate varied learning styles,
prior knowledge, and behavioral traits. In parallel, mentor agents—built upon the same
generative AI technology—continuously provide feedback, enabling teachers to adapt their
strategies in real time. By offering an accessible, controlled space for skill development, this
framework addresses the challenge of scaling and personalizing teacher training. Grounded
in pedagogical theory and supported by emerging AI capabilities, the proposed platform
enables educators to refine teaching methods and adapt to diverse classroom contexts
through iterative practice. A detailed outline of the system’s main components, including
agent configuration, interaction workflows, and a deliberate practice feedback loop, sets
the stage for more personalized, high-quality teacher training experiences, and contributes
to the evolving field of AI-mediated learning environments.

Keywords: teacher training; deliberate practice; generative training; virtual students; large
language models; LLM; simulation; personalized instruction

1. Introduction
Training effective teachers is a complex and time-consuming task. The famous

“10,000 h rule” could be used to reference teacher training duration. The “10,000 h rule”
states that the key to achieving expertise in any domain is a sufficient amount of practicing
with at least 10,000 h as a common rule of thumb for time spent on the activity to reach
the mastery level in it (Gladwell, 2008; Nichols et al., 2018; Cranford, 2022). However, not
all practices are equally helpful in developing a desired set of skills (various teaching and
pedagogical skills in this context). Deliberate practice (Ericsson et al., 1993; R. H. Chen,
2022) is a high-quality practice that includes goal-directed activities while focusing on
improving one’s weaknesses with appropriate feedback from a high-quality mentor.

Unfortunately, acquiring sufficient experience for a teaching professional is very
slow. Using some estimates, 5000 h of teaching practice amounts to 5–6 years of teaching
experience (Cuban, 2010; Stich & Cipollone, 2021). Moreover, these experiences are rarely
deliberate as most of them are not supported by feedback from qualified mentors and
do not include repetitive exercises for teaching specific material to students or a class
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with certain backgrounds or learning profiles. In addition, unlike many other professions,
gaining experience through trial and error might have a significant cost for students in
the class of a less experienced teacher. Therefore, there is a need for a drastic increase
in the quantity and quality of teaching practice during teachers’ training and the initial
induction period (Ingersoll & Strong, 2011). There is also a need to provide teachers with
new digital applications that will be added to the traditional tools they apply in their
teaching (Abedi, 2023).

This paper describes a new conceptual framework for a practical teaching simulation
platform using recent advances in simulating group dynamics (Y. Li et al., 2023) and expert
feedback (Sonnemann & Blane, 2024). These advances were enabled by the advent of
large language models (LLMs), generative AI (Soliman et al., 2024), and collaborative
agents. In this platform, students will be represented by a collection of large language
model (LLM)-driven agents primed with specific behavioral traits (Jiang et al., 2023),
learning patterns, and prior knowledge. The platform will also contain mentor LLM agents
to monitor class interaction and provide feedback on teacher performance and helpful
improvement suggestions.

Using this platform, aspiring and young teachers could practice deliberately while
polishing their skills through the repetitive teaching of specific subjects to students and
classes of controlled compositions, behavioral traits, and backgrounds. The mentor LLM
agents will monitor the class dynamics, difficulties, and questions asked by virtual students
and suggest possible improvements in teaching approaches (Marcus et al., 2020).

During the previous decade, virtual reality was considered the cutting edge of tech-
nology, and its use had spread considerably in training and teaching (Malik et al., 2024).
However, its development costs were far beyond the reach of a large part of the education
system (Extremera et al., 2020). Thus, a more affordable solution was required (Urueta,
2023). The recent advent of LLMs, their capabilities, availability, and price make them an
attractive solution for classroom simulations (Lyu et al., 2024). In particular, the ability of
LLMs to play roles and personalities enables them to supply, in the form of agents, an envi-
ronment of chosen personas, including students and mentors (Alsafari et al., 2024). These
abilities were recently used to simulate a class environment (Y. Zhang et al., 2024; B. Hu
et al., 2024) and to leverage LLM-driven multiagent systems to construct an AI-augmented
classroom (Yu et al., 2024). Finally, B. Hu et al. (2024) recommended the future development
of a teacher training platform.

Thus, according to the recommendation of B. Hu et al. (2024), we propose a teacher
training platform that uses an LLM-based multiagent environment that simulates various
students in a class environment and mentors outside the class. The teacher’s encounter
with these personas is integral to gaining teaching experience and improving teaching
capabilities.

This paper continues as follows: Section 2 reviews the literature; Section 3 describes
the proposed framework; Section 4 describes a use case; Section 5 analyses the use case
and the framework and draws some conclusions and practical takeaways; and Section 6
concludes the paper.

2. Literature Review
To set the stage for our framework, we examine the emergence of LLMs and multi-

LLM agents, discuss simulation-based practice, explore tools for modeling and constructing
the simulation platform, and address how simulation teaching models can be evaluated.
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2.1. The Advent of LLMs and Their Capabilities

There has been impressive progress in generative AI recently, specifically in models
for natural language understanding and dialogue. Modern large language models (e.g.,
ChatGPT 4) surpass the grades of an average student in many standardized tests (OpenAI,
2023), including SAT math, reading and writing, and even the Uniform Bar Exam.

Table 1 presents GPT-4’s final score graded on standardized exams, as well as the
percentile of test-takers achieving GPT-4’s score compares GPT-4’s performance to human
students on standardized exams, highlighting how generative AI now matches or surpasses
human abilities in several fields.

Table 1. GPT performance on standardized exams (based on data from OpenAI, 2023).

Exam GPT-4 GPT-4 (No Vision) GPT-3.5

Uniform Bar Exam
(MBE+MEE+MPT) 298/400 (~90th) 298/400 (~90th) 213/400 (~10th)

LSAT 163 (~88th) 161 (~83rd) 149 (~40th)

SAT
Evidence-Based

Reading & Writing
710/800 (~93rd) 710/800 (~93rd) 670/800 (~87th)

SAT Math 700/800 (~89th) 690/800 (~89th) 590/800 (~70th)

Graduate Record
Examination (GRE)

Verbal
169/170 (~99th) 165/170 (~96th) 154/170 (~63rd)

Moreover, the rate of improvement in reasoning and text generation abilities is im-
pressive, with additional modalities such as voice, images, and videos being integrated
and refined. Although state-of-the-art models excel in English, models focusing on other
languages are quickly catching up. Significant effort was invested in designing an efficient
way to customize generic LLM models for specific domains via fine-tuning (Han et al.,
2024), adapters (Z. Hu et al., 2023), or Retrieval-Augmented Generation (RAG) methods
(J. Li et al., 2024).

In addition to standardized exams, LLMs have made significant strides in tasks
like the Turing Test, which evaluates a machine’s ability to exhibit intelligent behavior
indistinguishable from a human (Sejnowski, 2023). While no model has fully “passed”
the Turing Test in its original formulation, modern LLMs have come remarkably close
in many conversational contexts. For instance, GPT-4 and similar models can engage in
nuanced, context-aware dialogues that often deceive human judges into believing they are
interacting with another person (Bubeck et al., 2023). This capability is particularly evident
in customer service, therapy chatbots, and educational tutoring, where LLMs can provide
responses that are not only coherent but also empathetic and contextually appropriate
(Z. Zhang et al., 2024). These advancements suggest that LLMs are approaching a level of
conversational sophistication that challenges traditional notions of human uniqueness in
language and reasoning.

In the context of this research, fine-tuning models on a text corpus describing pedagog-
ical concepts might help to improve mentor agents for providing more accurate feedback
on teaching approach and class dynamics. Another line of research explores how to make
models unlearn selected facts and concepts (Eldan & Russinovich, 2023; Si et al., 2023).
While this work provides a different motivation (i.e., copyright concern), the same tech-
niques can be used to produce student LLM models that lack specific knowledge. This will
allow an objective evaluation of the teaching strategy based on test performance before
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and after the teaching session. Additionally, LLM models that lack specific knowledge can
provide valuable insights into areas where teaching strategies may need improvement.

2.2. Multiple Collaborative LLM Agents

Multiple LLM agents collaborate in natural language in multiagent frameworks to
achieve a common goal. Usually, each agent is primed with a specific role, background
story, available documents, and skills. Naturally, this development has fueled the line
of research dealing with simulating human behavior and dynamics by a committee of
LLM-based agents. Inspired by the rapid progress of LLMs, an even more powerful
multiagent approach has emerged (Park et al., 2023). In the groundbreaking work by Park
et al. (2023), a community of 25 agents was released in a virtual town inspired by The
Sims game. Each agent’s identity, including occupation and relationships, was described
in a one-paragraph natural language seed memory. In a short period of time, the agents
demonstrated believable social interactions and behavior. Since this research, simulating
human behavior with LLMs has become a mainstream research direction, producing a
steady and increasing flow of research papers, experiments, and software libraries for
developing LLM-based multiagent applications for educational purposes (Ren et al., 2024;
La Cava et al., 2024; Zhou et al., 2023; Zhao et al., 2023; Törnberg et al., 2023).

2.3. Simulation-Based Practice

Simulation-based practice is a well-established educational strategy for developing
professional competency in a wide array of fields—such as teaching, healthcare, aviation,
and military training—by offering realistic, controlled environments that foster experiential
learning and facilitate iterative skill refinement (Badiee & Kaufman, 2015; Mikeska et al.,
2021; Ledger et al., 2025; Hou et al., 2024). Early attempts at developing education-based
simulation leveraged virtual reality technologies with manually defined behavioral scripts
for digital simulation (Delamarre et al., 2021; Landon-Hays et al., 2020; Ledger et al., 2025).
These systems still use well-trained human actors playing various roles. The advent of
avatars and LLM agents generated a new generation of replacements for these well-trained
human actors. Numerous efforts exist to create software-based simulation platforms
for professional learning (Agyei, 2024; Zheng et al., 2024; Gaviria et al., 2024). Agyei
(2024) reports the experience and perspectives of prospective teachers. Zheng et al. (2024)
describe a simulation teaching platform for intelligent manufacturing, Gaviria et al. (2024)
report the use of simulation for enhancing accounting teaching in higher education, and
Sonnemann and Blane (2024) compare three established leading simulation systems. Table 2
compares three digital simulation platforms for teacher training: SimTeach, Proxima, and
Teacher Moments.

Table 2. Comparison of three digital simulation platforms for teacher training *.

SimTeach Proxima Teacher Moments

Type Semi-immersive Low-immersive Low-immersive

Established
and used

USA, established 2012
Currently used in Australia

UK, established 2022
Currently used in the UK

USA, established 2018
Currently used in the

USA mostly

How it works

Virtual student avatars
controlled by human actors

(human-in-the-loop);
interactive conversations;

can simulate students,
parents, and colleagues.

Text-based scenarios with
multiple choice, free text, and

voice recording response
options; the trainee teacher is

given a scenario and
then responds.

Text, image, and video-based
scenarios with multiple choice,
free text, and voice recording
response options; the trainee

teacher is given a scenario and
then responds.

* Data summarized from Sonnemann and Blane (2024).
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SimTeach is semi-immersive, using virtual student avatars controlled by human actors
for interactive conversations. At the same time, Proxima and Teacher Moments are low-
immersive, relying on text, voice, and video-based scenarios with multiple response options.
Each platform offers different levels of immersion and interactivity to help trainee teachers
practice their skills in simulated classroom environments. However, these approaches are
limited to a relatively small number of predefined interaction scenarios and do not allow
for personalization to create an intensive, deliberate practice experience as described above.
Table 2 summarizes their comparison. In fact, all simulations prior to the recent emergence
of commercially available LLMs in 2022, suffer from these drawbacks. However, they were
still found to be valuable for the enrichment of teachers’ professional training as well as
benefitting their professional development (Levin & Muchnik-Rozanov, 2022).

However, the advent of LLMs and their usage in the past two years has enabled
a drastically improved simulation. The rapid advancement of generative artificial intel-
ligence enables the creation of more flexible and natural simulation environments for
personalized teacher education based on deliberate practice and immediate feedback from
AI-based mentors.

Very few papers deal with simulation that uses LLM-based agents and even less
so for teacher training (Bhowmik et al., 2024). Bhowmik et al. (2024) present an LLM-
powered virtual student conversation agent that they developed for pre-service teacher
training in a virtual environment. They found that the simulation with these agents enabled
personalized, adaptive training and promoted a more engaging and immersive learning
experience for pre-service teachers.

Lee et al. (2023) report about their LLM-based agents: “this research indicates that
integrating generative agents into teacher training simulation can be an effective way to
offer pre-service teachers with more practical experiences to apply theories and concepts to
simulated teaching practices”.

2.4. Methodologies for Modeling and Building the Simulation Platform

In software development, “Design Thinking” is a standard methodology for gen-
erating personas that simulate different user types. While this approach helps create
generalized user models, developing student personas in educational simulations requires
more scientifically grounded frameworks. In this context, well-established pedagogical
concepts and tools provide the basis for constructing realistic and nuanced student pro-
files. These studies provide the foundation for building profiles, allowing the simulation
platform to accurately capture the complexity of real-world learning environments.

Taxonomies of Learning-Related Cognitive Processes provide a foundational under-
standing of how student cognition can be modeled. Bloom’s Revised Taxonomy (Forehand,
2010; Chandio et al., 2021) categorizes learning into six major cognitive processes: Remem-
bering, Understanding, Applying, Analyzing, Evaluating, and Creating. These processes
operate across four knowledge dimensions: Factual Knowledge, Conceptual Knowledge,
Procedural Knowledge, and Metacognitive Knowledge. The application of these categories
depends on the knowledge dimension (Widiana et al., 2023), offering a structured approach
to the cognitive modeling of students. Another important framework, Marzano’s Taxon-
omy (Marzano & Kendall, 2006; Sun et al., 2023) enhances the cognitive understanding of
student learning through six categories: Retrieval, Comprehension, Analysis, Knowledge
Utilization, Metacognitive, and Self-System. These are distributed across three knowledge
domains: Information, Mental Procedures, and Psychomotor Procedures. Marzano’s frame-
work provides more granularity in identifying and modeling student learning behaviors,
further enriching the model.
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The Pedagogical Relational Teachership Taxonomy (Ljungblad, 2023; Suryani & Syah-
bani, 2023) emphasizes the relational dynamics between teachers and students, focusing
on both Tact and Stance. Each area is divided into six relational key indicators, crucial for
describing and simulating the ongoing relational processes in educational settings. These
indicators play a pivotal role in modeling how students engage with teachers, making them
essential for creating authentic teacher–student interactions in simulations.

A key factor in modeling student profiles is their learning style. Learning styles are
defined as “consistent preferences for adopting learning processes, irrespective of the task
or problem presented”. Learning styles could be classified along different dimensions. For
example, if the dimension is learning modality, the learning styles are visual, auditory, and
kinesthetic learning. If the dimension is social attitude, the learning styles are avoidant,
participative, competitive, collaborative, dependent, and independent.

The Felder–Silverman Learning Styles Model (Graf et al., 2007; Ikawati et al., 2021)
characterizes learners along four major dimensions, each representing a spectrum of prefer-
ences for processing and organizing information. The first dimension distinguishes between
sensing learners, who favor concrete facts and systematic procedures, and intuitive learners,
who gravitate toward abstract concepts and theoretical ideas. The second dimension con-
trasts visual learners, who rely on images, charts, and diagrams, with verbal learners, who
learn effectively through spoken or written language. The third dimension differentiates
active learners, who gain understanding by engaging in hands-on activities and discus-
sions, from reflective learners, who require time to think through material and process
information privately. Finally, the fourth dimension compares sequential learners, who learn
in a logical, linear fashion, with global learners, who absorb information in broad strokes
and often synthesize knowledge in sudden bursts of insight. Although each dimension
presents dichotomous categories, individuals typically blend traits from both ends of each
continuum, and recognizing these learning style differences can help educators tailor
teaching methods to suit diverse learners.

Maya et al. (2021) and Clavido (2024) explored the relationship between learning styles
and academic achievement, which forms a foundation for developing responsive student
profiles. Hananto et al. (2024) extended this work by using Support Vector Machines (SVMs)
to identify specific learning patterns in students based on Felder–Silverman learning styles.
In addition to this model, the Grasha–Riechmann Learning and Teaching Styles framework
(Sim & Mohd Matore, 2022) has been validated across multiple cultural contexts, including
Argentina (Freiberg Hoffmann & Fernández Liporace, 2021), China (Sim & Mohd Matore,
2022), Iran (Baneshi et al., 2013), and Turkey (Baykul et al., 2010). This framework allows for
modeling diverse student personas, reflecting the heterogeneity of real-world classrooms.

2.5. Personality Traits and Learning

Several studies show a strong relationship between personality and learning style
(Bruso et al., 2020; Lei, 2022; Singar & Jain, 2024). Two leading personality models char-
acterize personality through several dichotomous characteristics. The older model is the
Myers–Briggs Type Indicator (MBTI), and the newer model is the Big Five personality traits.
Either one could serve as a proxy for choosing a learning style.

The Myers–Briggs Type Indicator comprises the following four dimensions: Extraver-
sion vs. Introversion, Intuition vs. Sensing, Thinking vs. Feeling, and Judgment vs.
Perception. Kang and Kusuma (2020) showed that learning style is related to the MBTI
score in the four dimensions. Murphy et al. (2020) found a strong relationship between
MBTI personality type and preferred teaching methods for undergraduate college students.
Ullah et al. (2024) explored the effect of MBTI personality type on the language learning
strategies of non-English major students.
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The Big Five personality traits are a group of five characteristics used to study personality:

• Openness to experience (inventive/curious vs. consistent/cautious);
• Conscientiousness (efficient/organized vs. extravagant/careless);
• Extraversion (outgoing/energetic vs. solitary/reserved);
• Agreeableness (friendly/compassionate vs. critical/judgmental);
• Neuroticism (sensitive/nervous vs. resilient/confident).

John et al. (2020) and Mammadov (2022) found a strong relationship between the Big
Five personality traits and academic performance. Khalilzadeh and Khodi (2021) found a
relationship between teachers’ personality traits and students’ motivation using structural
equation modeling analysis.

2.6. Simulating Social and Emotional Complexities

Large language models (LLMs) have made notable strides in capturing emotional
and social subtleties, allowing them to participate in empathetic and contextually fit-
ting exchanges. For instance, GPT-4 can formulate replies that exhibit emotional
intelligence—such as offering reassurance in stressful conversations or adjusting its tone
to match a user’s affect—primarily due to training on extensive datasets encompassing
human dialogues, literary works, and psychological materials (Bubeck et al., 2023). These
data sources enable LLMs to emulate complex emotional cues and social dynamics.

Despite their capacity to simulate human-like emotional interactions, LLMs do not
possess true emotional understanding or consciousness, and their contextually appropriate
responses may lack genuine empathy. One way to address this limitation is through
a “human-in-the-loop” strategy, wherein human experts direct the model by specifying
particular emotional or behavioral intentions. For example, a therapist integrating an
LLM into mental health support could craft prompts designed to elicit compassionate
and patient responses, aligning with therapeutic objectives (Fitzpatrick et al., 2017). This
combined method draws on the language-processing capabilities of LLMs while ensuring
that emotional and social sensitivities are shaped by human expertise. Until LLMs can
autonomously replicate authentic emotional behavior, such a collaborative framework
offers a viable path toward more human-like engagement in settings that require empathy
and nuanced understanding.

2.7. Teacher Sense of Efficacy

The Teacher Sense of Efficacy Scale (TSES) (Duffin et al., 2012) has consistently been
shown to represent three areas of teaching: efficacy for classroom management (CM),
efficacy to promote student engagement (SE), and efficacy in using instructional strategies
(IS). Monteiro and Forlin (2023) have shown that the long TSES with 24 items is as valid
as the shorter TSES version with 12 items. An important measure of teachers’ sense of
efficacy is the Teaching and Learning International Survey (TALIS) (Suhandoko et al., 2024).
TALIS is an annual international survey on teaching and learning worldwide. It covers
teaching-related issues, including training effectiveness and teachers’ sense of efficacy (An
et al., 2021). For this paper, the important findings are related to the relationship between
teacher training and an increased teacher’s sense of efficacy. Göker (2020) found a strong
relationship between cognitive teacher training and an increased teacher’s sense of efficacy.
Samuelsson et al. (2021) showed that simulation training gives teachers the same sense of
efficacy as teaching pupils. These findings were repeatedly validated in various countries
(Monteiro & Forlin, 2023).
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2.8. LLM-Based Simulation Platforms for Teacher Training

There are several advanced platforms for developing multiagent applications based
on large language models (LLMs), including Autogen (Wu et al., 2023) and Crew AI
(CrewAI platform) described by (Berti et al., 2024). Wang et al. (2023) successfully used
communication between LLM agents for agent learning. Utilizing these existing tools will
allow us to focus on characterizing the system’s core features.

Ruiz Rojas et al. (2022) proposed 4PADAFE, a seven-phase methodology for devel-
oping an online course while integrating AI. In Ruiz-Rojas et al. (2023), this methodology
was expressed in a matrix form. Noroozi et al. (2024) highlighted pedagogical, theoret-
ical, and methodological perspectives on using generative AI in education. Y. C. Chen
and Hou (2024) described a framework for employee ethics training using ChatGPT for
contextual scaffolding in an interactive educational game designed for teaching ethics. Yue
et al. (2024) presented MATHVC, the very first LLM-powered virtual classroom containing
multiple LLM-simulated student characters, with whom a human student can practice
their math skills.

3. The Framework
3.1. Conceptual Overview of the Platform

This section describes the proposed AI-based platform for deliberate teaching practice.
The diagram in Figure 1 presents a high-level description of the proposed platform.
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In the proposed model (Figure 1), a teacher starts by defining the objectives and the
configuration of the practice exercise (teaching subject, student behavioral patterns, types
of questions asked, or expected learning profiles) via the Practice Configurator module (1).
The Practice Configurator generates a definition for student agents hosted by the Interaction
Engine (2). The teacher interacts with the class (via chat interface addressing an entire class
or specific students). All student agents (2) are exposed to class interactions and generate
responses or questions based on their individual configuration. The entire class interaction
history is saved for future analysis by the mentor agents hosted by the Feedback Engine (3).
Using the retained class interaction history, the mentor agents produce the teaching session
evaluation and recommendation report that is submitted to the teacher via the Performance
Dashboard (4).
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3.2. Adaptive LLM-Driven Student Agents

The platform’s LLM-driven student agents are designed to emulate diverse, real-world
classroom dynamics by simulating various learning styles and behavioral characteristics
based on established research. Drawing from the general personality traits and learning
styles discussed in the literature review, the agents are modeled to reflect a wide range
of learning preferences and personality types. This enables the simulation to offer more
realistic and effective student–teacher interactions, allowing teachers to experience and
respond to diverse classroom scenarios.

These agents are not static; they adapt over time, simulating student development by
exhibiting growth, regression, or behavioral changes based on the teacher’s instructional
methods. By incorporating these dynamic elements, the platform allows teachers to refine
their teaching strategies in an evolving environment, ensuring that they are better equipped
to handle the complexities of real-world classrooms. The adaptive behavior of the agents is
aligned with theories of learning and personality development, making the simulation a
valuable tool for practicing differentiated instruction and personalized teaching.

3.3. Multi-Dimensional Mentor Agents for Feedback

The platform’s mentor agents extend beyond traditional feedback systems by offering
multi-dimensional insights encompassing various teaching competencies. Rather than
focusing solely on lesson clarity or student engagement, these agents provide real-time
feedback on critical areas such as classroom management, inclusivity, and emotional in-
telligence, drawing from theories like the Pedagogical Relational Teachership Taxonomy
discussed in the literature review. This ensures that teachers receive comprehensive guid-
ance on managing relational dynamics and fostering a positive classroom environment.

Each mentor agent is programmed to monitor specific aspects of teaching and class-
room interactions, delivering tailored feedback that helps the teacher address areas that
need improvement. Over time, the mentor agents “learn” from previous sessions, adapt-
ing their feedback to target persistent challenges, thus creating a personalized, evolving
feedback loop. This iterative process supports the teacher’s ongoing development, enhanc-
ing their ability to refine instructional techniques and gain deeper insights into effective
classroom management and student engagement, aligned with the teacher’s sense of
efficacy principles.

3.4. Dynamic Classroom Simulation

The platform’s classroom simulations are designed to replicate the unpredictable na-
ture of real teaching environments, providing a far more dynamic and authentic experience
than static, predefined scenarios. By leveraging insights from LLM-based simulation plat-
forms, such as those discussed in the literature review, the platform introduces real-time
adaptive simulations where student behaviors evolve based on teacher interactions. These
adaptive elements simulate real-world classroom challenges like spontaneous disruptions,
off-topic questions, and varying levels of student engagement.

In the proposed LLM-based class simulations, real teachers interact with a group of
AI agents that form the class. These agents are AI-simulated students, having different
personas and learning characteristics. It is crucial to note that all classroom communications
are visible to both teachers and student agents. In our proposed scheme, the LLM agents
generate student responses not only based on the teacher’s prompts but also by considering
interactions with other simulated student agents. This creates a dynamic and context-
aware learning environment where the broader classroom discussion shapes each response.
Therefore, teachers should approach these simulations with an awareness of the entire class
dynamics, as previous exchanges and evolving discussions influence student responses.
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This holistic perspective allows teachers to practice and refine their instructional strategies
in a more immersive and interactive setting.

Teachers must adjust their instructional strategies on the fly, cultivating agility and
adaptability in their teaching methods. The evolving nature of classroom simulation
ensures that educators are better prepared for the complexities of managing diverse student
behaviors. It provides valuable practice in navigating actual classrooms’ fast-paced and
often unpredictable dynamics. This real-time adaptability enhances the realism of the
simulation, helping teachers develop the necessary skills to respond effectively to an
evolving student body.

Large language models (LLMs) can be strategically harnessed to simulate student
behavior tailored to particular local contexts or target audiences (Gao et al., 2024) through
two main methods: prompt conditioning and fine-tuning.

First, prompt conditioning involves supplying the LLM with locally relevant infor-
mation from human supervisors, ensuring that the model reflects the unique cultural,
linguistic, and educational attributes of a given region or institution (Kienzler et al., 2023).
For example, a supervisor might provide local idioms, historical context, or curriculum
guidelines, enabling the LLM to produce responses that resonate more strongly with the
target audience.

Second, fine-tuning on real classroom transcripts from target schools or institutions
equips the LLM with a deeper understanding of the specific communication styles, aca-
demic challenges, and interaction patterns found in those environments (Ilagan et al., 2024).
This process ensures that the simulated students exhibit realistic academic behaviors and
align with the institution’s pedagogical aims (Radford et al., 2021).

By combining these strategies, educators can create highly context-aware simulated
students for teacher training, curriculum development, and educational research. This
approach merges human expertise with the scalability of LLMs, allowing for customized
learning experiences that meet the distinct needs of learners while preserving essential
cultural and contextual nuances.

3.5. Multi-Method Adaptive Deliberate Practice

At the heart of the platform is a multi-method deliberate practice framework, where
teachers engage in repeated teaching cycles of the same subject matter but with varying
configurations of student agents. This approach draws from established simulation-based
practice methods discussed in the literature review, allowing teachers to experiment with
different instructional strategies, such as inquiry-based and project-based learning.

Each practice cycle allows teachers to focus on refining specific teaching techniques by
experiencing diverse student reactions and classroom dynamics. The structured repetition
ensures that teachers can analyze how different approaches affect student outcomes, help-
ing them develop a versatile toolkit to address various classroom challenges. Throughout
these cycles, mentor agents provide continuous, targeted feedback, guiding teachers in
refining their methods and reinforcing key teaching strategies over time. This iterative pro-
cess aligns with the principles of deliberate practice, ensuring that teachers can iteratively
refine their skills in a controlled yet dynamic environment.

3.6. Evaluation Methods

Our platform employs a multi-faceted evaluation model, integrating three data-driven
methods for assessing system performance: (a) subjective (Ngereja et al., 2020), (b) objective
(Wen & Ji, 2020), and (c) simulation-based (Robinson et al., 2024). The subjective evaluation
collects participant feedback (teachers, mentors, and students) through surveys to assess
the perceived effectiveness of the training, following frameworks such as those outlined
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by Fernandes et al. (2023). This method provides valuable insights into the participants’
experiences but is inherently subjective.

For a more concrete analysis, we use objective evaluation, which measures student
progress in a specific subject depending on the method of instruction (Grădinaru et al., 2021;
Mohan, 2023). This approach evaluates the real impact of teaching strategies on student
learning outcomes. Finally, simulation-based evaluation tracks improvements in student
agents’ scores on standardized tests, providing a reliable way to assess how effectively
teachers apply instructional techniques in the simulated environment.

The SLOTE metric (Levin et al., 2023) adds a layer of comprehensive evaluation,
combining quantitative and qualitative measures of simulation-based learning (SBL) effec-
tiveness. This metric, which we adopt as a core tool in our evaluation system, is designed
to measure the efficiency of teacher training simulations and the learning outcomes that
they produce in field experiments.

Early examples of using AI-driven virtual students, such as the one-on-one interaction
models based on ChatGPT (Markel et al., 2023), have demonstrated the potential for AI
to provide meaningful feedback in simulated learning environments. Similarly, studies
such as that by Smith and Holmes (2020) on deliberate practice in physics lab teaching have
shown the benefits of combining AI agents with human learners.

3.7. System Architecture

The generative AI-based teacher training platform’s system architecture is modular,
scalable, and designed to provide personalized, adaptive simulations. Key components
work together to create immersive teaching environments, offering real-time feedback
and data-driven insights to enhance teacher development. The architecture is focused on
ensuring that the platform is adaptable for diverse educational settings, supporting the
varied needs of both novice and experienced teachers.

3.7.1. Practice Configurator

The Practice Configurator allows teachers to define parameters for each training
session, including subject matter, student behavioral profiles, and class complexity. This
feature personalizes simulations, enabling teachers to practice in various environments.
Advanced options like adjusting students’ socio-emotional characteristics enhance the
configurator’s flexibility.

3.7.2. Interaction Engine

The Interaction Engine manages real-time teacher–student communication through
chat or voice commands, with student agents responding dynamically based on LLM-
driven profiles. The engine supports both class-wide and one-on-one interactions, simu-
lating varied teaching scenarios. Incorporating multi-modal interactions (e.g., non-verbal
cues) adds depth to the simulations, providing teachers with richer experiences.

3.7.3. Feedback Engine

The Feedback Engine delivers real-time suggestions from mentor agents during sim-
ulations, analyzing teacher performance and classroom dynamics. Post-session reports
highlight strengths and areas for improvement. Adaptive feedback loops tailor advice based
on the teacher’s progress and ensure that feedback evolves as teachers refine their skills.

3.7.4. Performance Dashboard

The Performance Dashboard aggregates key metrics, such as student performance,
interaction quality, and session progress, allowing teachers to track their development
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over time. Adding predictive analytics can offer targeted suggestions for future practice,
enhancing personalized learning paths.

3.7.5. Integration of Real-World Data

The platform allows the integration of real-world classroom data to create simulations
that reflect actual teaching challenges. These data can include student demographics,
attendance, or past performance, enabling more realistic scenarios.

3.7.6. Scalability and Accessibility

The architecture is designed for scalability and accessibility, ensuring compatibility
across different educational settings. Cloud-based infrastructure and multi-language sup-
port make the platform adaptable for diverse regions, while offline functionality ensures
usability in areas with limited connectivity.

4. Use Case
We present a use case scenario to demonstrate the capabilities and practical application

of the proposed AI-based platform. This example simulates a teaching session for a history
lesson, focusing on examples of classroom interaction, student dynamics, and mentors’
feedback. The goal is to illustrate how the platform supports teachers in honing their skills
by interacting with virtual students and receiving tailored, real-time feedback from AI-
driven mentor agents. In this use case, a history teacher is tasked with delivering a lesson on
the causes of World War I. The teacher aims to engage the class in discussing key historical
events while navigating student questions and maintaining classroom engagement.

4.1. Student Agents: Simulating Realistic Classroom Dynamics

In this use-case, the teacher interacts with four distinct LLM-driven student agents,
each representing a different personality type, learning difficulty, and prior knowledge
(Table 3). These agents are designed to simulate the diverse challenges teachers face in
real classrooms based on predefined student profiles. The number of virtual students
could be easily changed. Default personality features, age, gender, and other traits are
randomly chosen for each student, and could be changed by the user by invoking the
configuration interface.

Table 3. Examples of virtual students’ profiles (personas).

Name Age Grade Behavior in Class Learning
Challenges/Strengths

Emily Chen 17 11 Participates quickly in
class discussions

Sometimes struggles to
stay focused on one topic

Michael
Johnson 16 11

Often engages with
follow-up questions to
clarify understanding

Finds it challenging to
retain specific facts

Sophia Rogers 16 11
Detail-oriented,
focused on task

completion

Requires more time to
process and answer
complex questions

David
Rodriguez 17 11

Shows strong
engagement in

analytical thinking

Faces challenges
understanding

complicated language
and historical terms

ESL student).
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These virtual students respond to the teacher’s prompts, ask clarifying questions, and
showcase learning difficulties, providing the teacher with diverse classroom scenarios.
The simulation allows the teacher to practice adjusting their teaching methods based on
individual student needs, repeating lessons if necessary, and refining explanations for
better comprehension.

4.2. Class Interaction and Engagement

The lesson begins with the teacher posing a question about the causes of World War
I (Figure 2). Emily Chen, who tends to participate quickly in class discussions, immedi-
ately responds by mentioning the assassination of Archduke Franz Ferdinand. While her
response is accurate, it lacks the depth and additional context that could help deepen the
class discussion The teacher recognizes Emily’s tendency to jump in quickly and praises
her for identifying the event but moves the discussion forward to maintain her engagement
and prevent her from losing focus.
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Teacher: Good morning, class! Today, weʹll be discussing the causes of World 
War I. Who can name one of the significant factors that led to the war? 
 

Emily Chen: The assassination of Archduke Franz Ferdinand of Austria-Hungary 
in 1914. 
 

Teacher: Excellent, Emily! That’s often considered the immediate trigger for the 
war. Can anyone else name another factor? 
 

Michael Johnson: Wasn’t there also tension between European countries due to 
imperialism and militarism? 

 
Teacher: Great point, Michael. Imperialism and militarism were indeed major 
contributing factors. Let’s discuss how these elements created a volatile situation 
in Europe. 

Figure 2. Sample of class interaction.

Michael Johnson, who often struggles with retaining specific facts, follows up with a
broader observation about imperialism and militarism contributing to tensions in Europe.
Despite his challenge with memory recall, Michael often engages with clarifying questions
to ensure he understands the material. In this case, he asks for more details to connect
the concepts of imperialism and militarism to the causes of World War I. The teacher,
recognizing Michael’s need for repetition, reinforces the key points by restating the events
in a clear, structured manner. This repetition helps Michael solidify his understanding and
aids his retention of the details. The above interaction is summarized in Figures 2 and 3.
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The screen in Figure 3 is divided into three primary regions, each serving a distinct
function. The left region of the screen displays a list of virtual students, randomly and
arbitrarily developed by the generative system. The students are presented in boxes, which
include randomly chosen names like “Emily Chen”, “Michael Johnson”, and so on. Each
student was randomly assigned visible attributes, such as age, grade level, and personality
traits, with brief descriptions under their names. The central section consists of a large
area showing the ongoing dialogue between the teacher and the students, represented as a
chat or transcript. Here, the teacher’s prompts to the virtual students and their responses
are shown in real time, along with the teacher’s follow-up prompts and questions. On the
right side of the screen are three virtual mentors. These are generated agents labeled as
individuals with specialized areas of expertise, such as Dr. Sarah Thompson or Prof. James
Wilson. Here, the mentors provide feedback on the teacher’s actions, using text-based
comments and suggestions that appear beside their names. This layout allows the user to
view the interactions among the teacher, students, and mentors simultaneously.

4.3. Mentor Agents: Providing Real-Time Feedback

Throughout the use case lesson, three AI-driven mentor agents observe the class inter-
action and offer real-time feedback to the teacher. The mentor information and feedback are
summarized in Table 4. For example, after the teacher’s interaction with Michael Johnson,
Dr. Sarah Thompson suggests emphasizing key historical events more explicitly to aid in
memory retention. Prof. James Wilson recommends asking more open-ended questions to
deepen classroom discussion. At the same time, Ms. Olivia Martínez suggests using more
straightforward, more direct language to engage students like David more effectively.

Table 4. Mentors’ profiles and feedback.

Mentor’s Name Expertise Feedback

Dr. Sarah
Thompson

History Education
Specialist

Strengths
Excellent use of open-ended

questions to encourage
student participation

Suggestions
Consider providing more
context before diving into

specific events

Prof. James
Wilson

Pedagogical Expert
Strengths

Good job acknowledging
and building upon students’

responses

Suggestions Try to engage more
students in the discussion

Ms. Olivia
Martínez

Student
Engagement
Consultant

Strengths
Excellent use of positive

reinforcement to encourage
participation

Suggestions
Consider incorporating
visual aids to support

different learning styles
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4.4. Teaching Performance Evaluation and Feedback

After the simulated lesson, the platform generates a performance summary based on
the student agents’ interaction logs and the feedback from mentor agents. This summary
highlights areas of strength, such as the teacher’s ability to simplify complex topics for
students with language difficulties, and areas for improvement, such as providing clearer
instructions to engage more reserved students. Clearly, using virtual students prevents
the possibility of measuring the learning achievements of real students. So, if rigorous
validation is sought, some observations on the achievements of real students are necessary.
However, only a small sample may suffice for statistical validation.

Measuring teacher performance can involve analyzing class interaction transcripts
through large language models (LLMs) and natural language processing (NLP) to extract
quantifiable features that serve as proxies or indicators of teacher efficacy. Although these
features are not exhaustive, as true efficacy encompasses more than can be inferred from
discourse alone, they offer valuable insights into classroom dynamics. One dimension of
analysis is the teacher–student talk ratio, in which the percentage of teacher talk relative to
student talk can reveal the balance between lecturing and interactive dialogue. Turn-taking
analysis further refines this assessment by determining whether a single speaker, usually
the teacher, dominates the conversation or whether verbal contributions are more evenly
distributed among participants.

Questioning techniques, a crucial element in effective instruction, can be gauged by
tracking the frequency and types of questions posed. Open-ended, reflective, or evaluative
questions generally promote deeper thinking compared to yes/no or recall-based queries.
The average wait time after posing a question offers additional insight; a longer pause
can encourage more meaningful student responses. Feedback patterns also influence the
classroom climate and learning outcomes. The ratio of positive to corrective feedback sheds
light on how often teachers provide encouragement and validation relative to criticism.
The depth of feedback—whether it is specific, constructive, and linked to lesson goals or
merely cursory—offers a further indicator of the teacher’s ability to guide and support
student learning.

Instructional clarity and structure can be investigated by measuring discourse coher-
ence, which reflects how well the teacher organizes ideas, transitions between concepts,
and maintains topical consistency. High coherence often indicates effective instructional
methods. A related aspect is the use of scaffolding: markers of teacher scaffolding—such as
guiding cues, prompts, or leading questions—demonstrate a commitment to building on
student responses and facilitating deeper understanding. Student engagement indicators,
for example, the proportion of student-initiated talk, serve as a gauge of how comfort-
able and motivated students feel to participate without being prompted. Additionally,
the sentiment analysis of student contributions can highlight whether students exhibit a
generally positive or engaged emotional tone, a factor that may correlate with a supportive
classroom environment.

Vocabulary and complexity, in terms of the teacher’s lexical diversity, can signal ex-
pertise and the capacity to contextualize course content. Aligning language with accurate,
domain-specific terminology can be especially critical in subjects like mathematics or the
natural sciences. Another domain of interest is response sensitivity and adaptation, demon-
strated when teachers modify their explanations or questions based on student statements,
suggesting responsiveness and an adaptive teaching style. Intertextual references, such as
referring back to earlier lessons or linking new content to prior student contributions, can
further reflect attentiveness to student input and continuity in instruction.
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Emotional and motivational support, measured by the frequency of encouraging
language or empathetic remarks, provides an indication of how well a teacher fosters a
positive learning atmosphere. Personalizing feedback by using students’ names or tailoring
guidance to individual needs can reinforce this supportive environment. Additionally,
time on task and lesson flow can be assessed by examining how smoothly the teacher
transitions between activities, as well as how quickly off-topic discussions are redirected to
instructional goals.

Finally, reflective talk represents a teacher’s self-awareness and adaptability. Instances
where the teacher explicitly explains their thought process or revises instructional methods
in real time—signaled by statements such as “Let’s approach this another way. . .”—can
indicate a high level of pedagogical awareness and continuous professional growth. By
analyzing these various dimensions in class interaction transcripts, researchers and practi-
tioners can develop a more nuanced understanding of teacher performance, even though
the broader concept of teacher efficacy necessarily extends beyond any single set of mea-
surable linguistic features.

LLMs and NLP can support these metrics in several ways. First, advanced speech-
to-text and segmentation models automatically transcribe spoken language and divide
transcripts into speaker turns, facilitating the calculation of talk ratios and turn-taking
patterns. Second, NLP models classify questions according to frameworks like Bloom’s
Taxonomy, distinguishing, for example, between open-ended and closed questions. Third,
sentiment and emotion analysis—powered by LLM-based classifiers—gauges the tone
of teacher feedback and student responses, providing insight into the classroom climate.
Fourth, topic modeling and discourse analysis identify the main themes or topics under
discussion, track how long each topic persists, and evaluate the coherence of the teacher’s
instruction. Fifth, named-entity recognition (NER) detects references to student names,
academic terms, or personalizing language, serving as indicators of student-centered
instruction. Lastly, by comparing initial teacher statements to subsequent modifications,
NLP can quantify the teacher’s responsiveness to student input or misconceptions, thus
offering a measure of adaptive teaching. Figure 4 shows a sample teacher efficacy report
based on the above descriptions.
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5. Discussion
The proposed AI-driven teacher training framework offers a novel approach address-

ing the challenges of scalability, personalization, and adaptability in teacher education (in
comparable teacher training platforms). This platform uses large language models (LLMs)
and multiagent systems to provide a flexible solution for developing teaching competencies
through deliberate, repeated practice. The system creates realistic, dynamic classroom
simulations, allowing teachers to interact with adaptive virtual student agents and receive
real-time feedback from AI-powered mentor agents.

One of the framework’s key advantages is its ability to simulate diverse classroom
dynamics. The platform’s LLM-driven student agents can be customized with varying
learning styles, cognitive abilities, and behavioral traits. These student agents offer teachers
a highly realistic and flexible environment. These agents adapt based on the teacher’s
instructional methods, evolving to reflect student growth, regression, and various indi-
vidual needs. This adaptability mirrors real-world challenges where teachers must adjust
their strategies in response to diverse classroom conditions, providing a valuable practice
ground for developing classroom management and differentiated instruction skills.

In the use case, the history lesson on World War I demonstrates the framework’s ability
to offer a rich, varied teaching experience. Here, the teacher interacts with student agents
representing different learning profiles, such as language barriers and attention difficulties.
The platform’s adaptability is further exemplified when the teacher tailors their approach
based on real-time student feedback—adjusting explanations and pacing to suit individual
student needs. Mentor agents provide multi-dimensional feedback on these interactions,
offering guidance not only on lesson clarity and engagement but also on deeper aspects
such as managing classroom dynamics and responding to student challenges.

The platform’s use of real-time, personalized feedback is a notable advantage over
traditional teacher training methods. Mentor agents continuously assess the teacher’s
performance, delivering insights that are tailored to specific teaching scenarios. This
iterative cycle of practice, feedback, and improvement is essential for developing effective
teaching strategies and enhancing pedagogical skills. By focusing on both instructional
techniques and classroom management, the platform supports comprehensive teacher
development in a controlled environment that minimizes risks for actual students.

While the framework presents significant advantages, it also faces challenges that
must be addressed to maximize its potential fully. One key issue is ensuring the realism
of virtual student agents. Although the platform simulates diverse learning needs, it may
struggle to replicate the emotional, cultural, and socio-economic complexities that exist in
real classrooms. Enhancing the emotional intelligence of virtual agents would improve the
authenticity of the simulations, allowing teachers to better practice while addressing the
nuanced, interpersonal aspects of teaching.

Another concern is the quality and depth of AI-generated feedback. While the AI
system provides data-driven insights quickly, it risks focusing too much on quantifiable
elements like pacing and content delivery, potentially overlooking more subtle classroom
dynamics such as student engagement and relational interactions. Ensuring that AI feed-
back complements rather than replacing human mentorship is crucial for fostering reflective,
holistic teaching practices.

Additionally, ethical considerations regarding AI bias and data privacy are paramount.
Biases in AI-driven feedback or student simulations could inadvertently reinforce harmful
stereotypes, affecting both teacher and student development. Addressing these issues will
require robust ethical frameworks to guide the responsible deployment of AI in education,
ensuring that the system promotes fairness, transparency, and inclusivity.
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Since technology mediates how people interact with the world around them and
understand it, the very use of technology by itself is a factor that influences the beliefs and
values, and hence the actions, of the human agents involved. Therefore, we advocate that
using simulation for teacher training should be accompanied by training on real classes
with real human students. This would help mitigate the biases in beliefs and values of
beginning teachers who have been developed through 10,000 h of generative AI simulation-
based training. However, we still are in the dark as to how technology-based training will
affect the teachers in the classrooms they are assigned to teach. How would this change
how classrooms are managed and how students are taught, and what further downstream
impacts would this have on future generations?

Despite these challenges, the framework’s advantages are substantial. It provides
a scalable, accessible platform that supports teachers in refining their skills through de-
liberate practice in a low-risk, controlled environment. The combination of real-time AI
feedback with adaptive simulations offers a level of personalization and responsiveness
that traditional training methods cannot achieve. By enabling teachers to engage with
diverse, evolving classroom scenarios, the platform fosters the development of critical
competencies needed to succeed in today’s complex educational environments.

6. Conclusions
The proposed AI-driven teacher training framework offers a scalable and adaptive

solution for enhancing teacher education through personalized simulations and utilizing
large language models (LLMs) and multiagent systems. The platform simulates diverse
classroom environments, enabling teachers to practice with virtual students and receive
real-time feedback from AI-driven mentor agents. This approach addresses key challenges
in traditional teacher training, such as scalability and the need for repeated, personalized
practice and continuous feedback.

The framework supports deliberate practice, with adaptive student agents created us-
ing broad theoretical foundations of various learning styles and personalities. The student
agents evolve based on teacher interactions, helping educators manage diverse student
needs. Mentor agents provide multi-dimensional feedback, allowing teachers to refine their
instructional strategies and classroom management skills. A use case demonstrates the
platform’s flexibility in simulating various teaching scenarios, promoting the development
of differentiated instruction and classroom engagement. By aligning these capabilities
with the study’s objectives, this framework directly contributes to addressing the need
for scalable, adaptive, and feedback-driven teacher training. The results indicate that AI-
driven simulations provide a structured, iterative environment where teachers can improve
instructional techniques while adapting to diverse classroom dynamics. Additionally, the
incorporation of mentor agents facilitates real-time assessment, ensuring that teachers re-
ceive actionable insights to refine their pedagogical approaches. These findings validate the
potential of generative AI to enhance professional development in education, bridging the
gap between traditional training methods and the evolving demands of modern classrooms.

However, challenges remain, such as ensuring the realism of virtual agents, main-
taining the quality of AI feedback, and addressing ethical concerns like data privacy and
AI bias. While this study establishes a conceptual foundation, further validation through
empirical classroom studies will be essential to fully assess the effectiveness of AI-driven
teacher training. Future implementations should explore how real-world educators interact
with the platform, measuring improvements in instructional efficacy, engagement, and
learning outcomes. Despite these limitations, the platform can potentially transform teacher
training by offering scalable, data-driven insights that complement human mentorship.
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The development of AI-based simulation platforms for teacher education intersects
with core ethical and philosophical issues in pedagogy, raising questions about the nature
of teaching, learning, and the role of technology in education. One fundamental dilemma is
the tension between standardization and individuality in pedagogy. While AI platforms can
provide consistent, scalable training experiences, they risk oversimplifying the complex,
context-dependent nature of teaching, which often requires adaptability and empathy
(Bartholomay, 2022; Dunn & Larson, 2023). This aligns with the philosophical debate over
whether education should focus on measurable outcomes or the holistic development of
students, a concern highlighted by Miseliunaite et al. (2022) in their critique of technocratic
approaches to education. Additionally, using AI in teacher training raises ethical concerns
about data privacy and surveillance, as fine-tuning LLMs on class transcripts or student
interactions may inadvertently expose sensitive information (Selwyn, 2019).

Furthermore, the reliance on AI simulations may devalue the irreplaceable human
elements of teaching, such as moral guidance and emotional connection, which are cen-
tral to the pedagogical philosophy of thinkers like Freire (2020), who emphasized the
importance of dialogue and critical consciousness in education. To address these issues,
AI-based platforms must be designed with ethical frameworks that prioritize transparency,
inclusivity, and respect for the human dimensions of teaching. By engaging with these
philosophical and moral dilemmas, educators and developers can ensure that AI tools
complement, rather than undermine, the core values of pedagogy.

Future research should focus on assessing the long-term impact of AI-driven training
on teacher performance, improving the emotional intelligence of AI agents, and developing
ethical frameworks to guide the responsible use of AI in education. Empirical studies
should explore how teachers engage with AI-driven simulations in practice, evaluating both
skill acquisition and transferability to real classroom settings. Additionally, interdisciplinary
collaboration between AI researchers, education experts, and policymakers will be crucial in
refining the framework for widespread implementation. This framework could significantly
enhance the quality and accessibility of teacher training. It provides scalability and satisfies
the need for repeated, personalized practice and continuous feedback. The proposed
framework ensures that educators are better prepared to meet the complexities of real-
world classrooms.
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