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Figure 1: Overview of LectūraAgents: a hierarchical multi-agent framework for end-to-end adaptive personalized learning experiences. Given a
lecture prompt or learning materials and a learner profile, a ProfessorAgent leads a collaborative team of specialized agents through research,
planning, design, evaluation and embodied delivery of lecture and study contents that adapt to the individual learner. The framework provides
students with access to real-time adaptive, personalized teaching and study sessions.

Abstract
Effective personalized AI-assisted learning demands learning sys-
tems that can not only generate accurate learner-specific educa-
tional materials, but also dynamically adapt their instruction to
diverse learners. However, existing educational agent frameworks
have primarily focused on lecture content automation and simula-
tions, which often fall short of modelling multimodal and embodied
instructional methods tailored for the individual learner. To this
end, we propose LectūraAgents—a multi-agent framework that en-
ables personalized learning through end-to-end adaptive embodied
teaching. At its core, LectūraAgents mirrors a professor-student
relationship, in which the ProfessorAgent leads a collaborative team
of specialized subordinate agents through research, planning, re-
view, and embodied delivery of lecture contents that adapt to a
learner’s needs. The framework offers three main contributions: (1)
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a hierarchical multi-agent architecture for end-to-end personalized
learning; (2) an adaptive embodied teaching mechanism, wherein
the ProfessorAgent executes visible and pedagogically motivated
teaching actions (e.g., handwrite, highlight, underline, etc.) over con-
tents in a teaching environment while speaking; and (3) a Teaching
Action-Speech Alignment (TASA) algorithm that employs salience-
based heuristics and temporal semantic segmentation to generate
coherent teaching action sequences aligned with learner profiles.
We evaluate LectūraAgents on diverse courses at high school, under-
graduate, and graduate levels using sample-specific rubric-based
analysis; with generated lecture materials and teaching actions
assessed and validated by expert educators. Experimental results
show consistent gains in lecture content quality, embodied teaching
quality, assessment, and personalization over existing approaches,
positioning LectūraAgents as a pedagogically well-grounded frame-
work for personalized learning at scale.
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1 Introduction
Adaptive personalized AI-assisted learning has emerged as a promis-
ing approach for tailoring instructions to individual learners, with
studies reporting gains in motivation, engagement, and learning
outcomes, especially in online educational settings [1–3]. However,
contemporary personalized learning solutions and frameworks typ-
ically focus on adapting what is recommended, rather than how
instructional content is delivered to the learner [4]. Research on
embodied teaching shows that performing teaching actions (e.g.,
writing, pointing or gesturing) during a lecture can help guide atten-
tion, foster conceptual understanding, and enhance overall learning
outcomes [5–7]. These findings point to the need for personalized
learning solutions that well integrate adaptive learning contents
with embodied instructional delivery.

Recent frontier models demonstrate strong reasoning and agen-
tic capabilities that have enabled planning, tool-use, and multi-step
problem solving, opening new possibilities for applications in per-
sonalized learning [8–11]. This breakthrough has led to the explo-
ration of LLM-powered agent frameworks for education, where
specialized agents automate learning and teaching tasks to support
students and educators [12]. Moreover, recent efforts have further
demonstrated the potential of leveraging multiple agents to act as
personal tutors and learning companions that provide on-demand
teaching and learning support based on individual needs [13–16].

However, the predominant focus of most related frameworks
has been on simulations, where agents enact roles in virtual class-
rooms [17–19] simulate teacher–student dialogues to evaluate
teaching behaviours and feedback strategies [20, 21], or coordi-
nate agent workflows for generating personalized learning ma-
terials [22, 23]. These are important proof of concepts, but their
impact is limited to controlled virtual environments that do not cap-
ture the myriad nuances of adaptive personalized learning in real
life scenarios. Other works have explored single-agent or prompt-
engineered LLM tutoring systems [24–26] that generate explana-
tions, feedback, or instructional contents, but without rigorous
review or modelling of how such contents should be contextualized
and adapted to diverse learning profiles. Few related works extend
beyond these scopes to adopt a broader personalized instructional
perspective that is often centred on automating course content gen-
eration [27, 28], which is primarily delivered in text-only modality,
with no account for personalized embodied instructional deliv-
ery. Collectively, these systems offer valuable contributions to AI-
assisted learning but remain fragmented in scope, lacking a unified
model that connects personalized content generation with adap-
tive embodied delivery. Consequently, key pedagogical features,
including coordinated lesson planning, iterative content review,
embodied teaching, and alignment between teaching behaviour
and learner needs, remain insufficiently addressed.

To address these limitations, we propose LectūraAgents, a hierar-
chical multi-agent framework for end-to-end personalized lecture
generation and embodied lecture delivery.

Our framework moves beyond simulations and static content
generation, to managing the entire life cycle of a lecture (i.e., from
preparation to delivery, as shown in Figure 1), while adapting to
individual learning preferences. LectūraAgents offers three primary
contributions:

1. A hierarchical multi-agent architecture for end-to-
end personalized learning: we propose the first multi-
agent framework with end-to-end personalization for learn-
ing. It mirrors a professor–student relationship, where a
ProfessorAgent coordinates specialized assistant agents (at
different hierarchies) to plan, research, review, and create
lecture contents tailored for the individual learner.

2. A Teaching Action-Speech Alignment (TASA) algo-
rithm: a novel technique that uses LLM-based semantic
analysis, temporal content segmentation, and salient heuris-
tics to accurately align relevant teaching actions to regions
or contents in a teaching environment (e.g., over a slide).

3. An embodied lecture delivery mechanism: our frame-
work enables a ProfessorAgent to perform visible, inter-
pretable teaching actions (e.g., highlight, handwrite, under-
line, etc.) directly over contents in the teaching environ-
ment (in our case, lecture slides) with a clear pedagogical
rationale for each action taken.

LectūraAgents decomposes personalized instruction into agents
operating at three hierarchies across two sessions: Lecture Prepa-
ration and Lecture Delivery. In the preparation session, the Pro-
fessorAgent leads a team of validator and executor agents through
planning, research, generation, and evaluation of lecture artifacts.
During the delivery or teaching session, the ProfessorAgent utilizes
these artifacts to enact an embodied teaching role, executing visible
and pedagogically motivated teaching actions on contents in the
learning environment.

We conducted extensive evaluations of the framework on di-
verse courses at high school, undergraduate, and graduate levels,
assessing lecture quality, teaching quality and personalization. Our
experiments show that LectūraAgents can produce high quality
lecture artifacts, while effectively adapting personalized teaching
strategies to diverse learner profiles through coherent embodied
teaching action sequences.

2 Related Work
2.1 Adaptive Personalized AI-Assisted Learning
The idea of personalized learning predates LLMs and LLM agents.
Early theories of memory, such as Atkinson and Shiffrin’s model of
how information is encoded and rehearsed [39] and Cowan’s ac-
count of short-term and long-term memory capacities [40], helped
establish the cognitive foundations for adapting instruction to the
ways learners process and retain information. These insights in-
spired models of personalized learning that emphasized learner-
centred pathways, individualized pacing and tailored support. Be-
fore LLMs became widely adopted, deep learning models were used
in intelligent tutoring systems (ITS) to monitor learners’ perfor-
mances, adjust task difficulty, and deliver personalized feedback
[41–43]. Reviews show that AI-assisted personalized learning has
a positive impact on students’ engagement and learning outcome
across diverse learning settings [44–46]. More recent empirical
studies of AI-driven adaptive platforms in university and language-
learning contexts, report gains across performance, satisfaction,
and self-directed learning [47–49]. Collectively, these findings make
clear the significance of adaptive personalized learning, forming
the foundations upon which our framework is built.
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Table 1: Comparison of Lect 	uraAgents with existing multi-agent frameworks in this domain

Framework Teaching Modality Embodied
Agent(s)

Teaching Action
Alignment

Personalization Multi-Agent
Collaboration

EduAgent [29] Text 7 7 7 7

Agent4Edu [30] Text (simulation) 7 7 3 3

EducationQ [31] Text (simulation) 7 7 7 7

FACET [32] Text 7 7 3 7

KELE [33] Text 7 7 7 7

Instructional Agents [34] Text 7 7 7 3

EduPlanner [35] Text 7 7 3 3

GenMentor [36] Text 7 7 3 3

SimClass [37] Text (simulation) 7 7 3 3

WikiHowAgent [38] Text 7 7 7 3

Lect	uraAgents Multimodal (Embodied) 3 3 3 3

2.2 LLM Agent Frameworks for Education
Early works on LLM agents demonstrated how language models
can plan, use tools, decompose tasks, and coordinate multi-step
reasoning across multiple collaborating agents [50� 53]. These ca-
pabilities soon inspired educational multi-agent frameworks [54].
For instance, EduAgent [29] models diverse student personas us-
ing cognitive-science priors, Agent4Edu [30] simulates learner
responses with memory-based generative agents, and Educa-
tionQ [31] stages multi-agent teacher-student-evaluator interac-
tions to assess teaching behaviours. Similarly, systems like Sim-
Class [37] and WikiHowAgent [38] extend simulation to classroom
dynamics and procedural learning. Course-content automation
then became a focus, with Instructional Agents [34] generating full
course materials through role-based collaboration, and EduPlan-
ner [35] iteratively re�ning lesson plans via evaluator�optimizer
agent loops. More recent works have also introduced personaliza-
tion: FACET [32] creates learner-adapted worksheets, KELE [33]
provides concept-level enrichment and feedback, and GenMen-
tor [36] builds personalized learning paths from learner goals. While
these contributions demonstrate how multi-agent systems can en-
hance learning, they lack relevant capabilities (as summarized in
Table 1) that integrates personalized content generation with em-
bodied instructional delivery.

2.3 Embodied Teaching Agents
Embodied teaching in digital settings refers to instructional meth-
ods that combine verbal instruction with spatial teaching actions
(e.g., writing, highlighting, underlining, or pointing) over learning
contents in a virtual teaching environment. These actions help
guide attention, reduce cognitive load, and support concept forma-
tion [55,56]. Earlier models like AutoTutor and its variations [57,58]
demonstrated the bene�t of animated pedagogical agents capable of
conversational sca�olding. Recent systems have explored program-
matic video-based approaches, for example, Xu et al. [59] explored
how AI-generated lecture videos compare with real lectures, while
AutoLectures [60] converts slides into narrated videos with high-
light actions (using Levenshtein and LLM-based matching), and

PASS [61] automated slide and speech generation from word doc-
uments. These e�orts emphasize the importance of action-based
instructional cues, but fall short of delivering a coherent end-to-
end personalized, adaptive, and pedagogically informed embodied
instruction.

3 Lect	uraAgents
We designed Lect	uraAgents to be both domain-speci�c and exten-
sible given the nature of the problem we are trying to solve. The
framework integrates planning, research, and pedagogical embodi-
ment within a cohesive, end-to-end hierarchical architecture that
supports both personalization and continual learning in tandem. As
detailed in Figure 2, Lect	uraAgents consists of four interconnected
modules:

� LLM � The LLM module provides agents with access to
frontier models (e.g., GPT-5, Gemini 3 pro, Claude Sonnet
4, Deepseek v3.2, and Qwen 3) through their respective
custom APIs. It serves as the brain behind agents, handling
text, image, and speech modalities.

� Agent � This module holds the core logic for each agent's
role, capabilities, and tools. It also enables coordinated
multi-agent collaboration through dynamically invoked ac-
tions for assigned tasks. The framework adopts a three-tier
hierarchical collaborative mechanism with a lead coordina-
tor agent managing a validator agent, who in turn manages
executor agents for lecture content generation. To complete
tasks, agents can execute a series of actions utilizing custom
tools.

� TASA � The Teaching Action-Speech Alignment (TASA)
module handles alignment between embodied teaching ac-
tions and their corresponding lecture speeches. It provides
logic for salient heuristic analysis and temporal semantic
segmentation, which help provide context when curating
relevant teaching action sequences.

� Memory � This module implements short-term, long-term,
and dynamic memories, which together allow agents to
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Figure 2: Lect	uraAgents Architecture. The framework adopts a hierarchical multi-agent architecture, modelled after a professor�students'
relationship. One in which a coordinator agent (or ProfessorAgent) guides a collaborative team of validator and executor agents through
planning, research, design, and delivery of personalized lecture contents. Multi-agent collaboration is mediated through an orchestration
layer with group-chat communication that enables iterative planning, self-evaluation, and continuous re�nement of generated materials. This
architecture is supported by four interconnected modules: Agents, LLM, TASA, and Adaptive Memory.

preserve context, track learner needs, and adapt their be-
haviour over time.

These four modules span across the framework's two main stages:
Lecture Preparation Session and Lecture Delivery Session. Moreover,
as shown in Figure 3, the delivery session supports two modes:
Teach Mode, which generates a new personalized lecture based on
the learner's pro�le and provided learning materials, and Study
Mode, which allows learners to upload existing materials, such
as notes, books or projects, and interact with the ProfessorAgent
through real-time Q&A.

3.1 Lecture Preparation Session
In this stage, the ProfessorAgent leads a collaborative team of spe-
cialized agents through planning, research, alignment, review, and
creation of personalized lecture artifacts (e.g., lecture plan, slides,
scripts, speech, teaching actions, notes, etc.). A quick overview of
the entire process can be found in Algorithm 1.

Lecture Prompts and Con�gs. Lecture preparation begins by
processing the learner's prompts along with a range of con�gu-
ration choices that de�ne the scope, style, and preferences of the
lecture. The prompt captures the lecture topic, its intended cover-
age, and the learner pro�le, so the framework can adapt content

depth and learning preferences, while optional syllabus or refer-
ence materials help anchor the lecture to a course context or source
material. Additional settings specify the instructor persona, target
academic level (high school, undergraduate, masters, or PhD), lan-
guage of instruction (which currently includes English, Chinese,
French, or Spanish), and the approximate number of slides to be
generated. Learners can also choose their preferred voice model,
handwriting mode (either Handwriting RNN Model or Preset Font
Handwriting), LLM model, and research method (using Wikipedia
or Google search). Together, these inputs provide the initial condi-
tions that guide downstream multi-agent collaboration, planning,
research, content generation, and embodied teaching. Our teach-
ing and learning environment can be accessed via a browser (as
shown in Figure 3) for easier entry of all inputs. Additional details
on lecture prompts and con�gurations can be found in Appendix B.

Multi-agent Collaboration. When a lecture is prompted, the
ProfessorAgent �rst initiates the preparation session, creating a col-
laborative group chat named Swarm-of-Ranks Group Chat (shown
in Figure 4) � where agents at di�erent ranks collaborate to com-
plete assigned tasks. In this group chat we have a coordinator (Pro-
fessorAgent), a validator (LecturePlanner), and di�erent executor
(ResearchAgent, SlideAgent, ScriptAgent, SpeechAgent, and Teaching
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