Al in education

* Areading course to discover
interesting problems related to
personalized education and Al

* Prof. Costas Courcoubetis




Objectives

Understand the scientific foundations of personalized learning as a dynamic, adaptive
decision-making system connecting Al, control theory, and optimization.

Model learner cognition and motivation using Al techniques such as latent-state inference,
probabilistic reasoning, and neural representation learning.

Design adaptive instructional policies with reinforcement learning and sequential decision-
making methods under uncertainty, fairness, and safety constraints.

Optimize educational resource allocation by applying concepts from combinatorial
optimization, scheduling, and contextual bandits to large-scale learning environments.

Analyze strategic behavior and incentives in multi-agent educational settings using game
theory and mechanism design to ensure fairness and cooperation.

Develop reliable and interpretable assessment tools through neural-symbolic Al,
verification, and trustworthy feedback systems.

Integrate ethical and human-centered principles—ensuring privacy, fairness, and the
augmentation of teachers rather than automation of pedagogy.
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Latent-State Modeling and Inference — Summary

* The central challenge of personalization is estimating a learner’s hidden cognitive state
from diverse and noisy data such as text, speech, or interactions.

 Classical estimators like the Kalman Filter are limited to linear, structured systems and
cannot capture the non-linear and high-dimensional dynamics of human learning.

* Hybrid neural-probabilistic models aim to combine interpretability and adaptability,
inferring student knowledge in real time while maintaining calibrated uncertainty.

e Large Language Models (LLMs) and variational autoencoders (VAEs) can interpret
unstructured data (e.g., essays, dialogues) to identify concepts, misconceptions, and latent
topics.

» Diffusion-based denoising techniques improve robustness by filtering noisy behavioral data
before diagnosis, enabling more stable learning-state estimation.

e Graph-informed and reinforcement-learning frameworks (e.g., PSI-KT) enhance
interpretability and adaptivity, linking learning outcomes to prerequisite knowledge and
dynamically updating the learner’s profile over time.
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Adaptive Pedagogical Control — Summary

After estimating the learner’s state, the key challenge is deciding how instruction should
adapt over time — a sequential decision-making problem under uncertainty.

Reinforcement Learning (RL) provides a natural framework for optimizing instructional
policies, but must be extended to meet the safety, fairness, and robustness needs of
education.

Constrained RL (e.g., CCPO) enables safe adaptation by preventing actions that could
harm motivation, such as excessive difficulty or discouraging feedback.

Robust RL methods (e.g., RCPO) address model mismatch, ensuring that strategies trained
on one cohort generalize safely to new and diverse student populations.

Fairness-aware RL explicitly incorporates equity objectives, ensuring that learning
improvements are balanced across demographic or performance groups.

The ultimate goal is to build trustworthy pedagogical agents that personalize effectively
while maintaining student engagement, fairness, and transferability across learning
environments.
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Optimization of Scarce Resources — Summary

* Teaching resources such as instructor time and attention are inherently limited,
even in automated learning environments.

* The central challenge is to allocate these scarce resources optimally to maximize
collective learning gains across many students.

* This connects personalized education to stochastic and combinatorial optimization,
where resource allocation decisions must adapt to uncertainty in student progress.

* Decision-Focused Learning provides an end-to-end framework that links prediction
and optimization — the model directly learns to improve downstream allocation
outcomes.

* |In this approach, a predictor identifies student needs while a solver computes an
optimal intervention schedule for teachers or tutoring systems.

* Such integration of machine learning with optimization-based decision-making can
achieve scalable, data-driven personalization while preserving interpretability and
fairness in resource distribution.
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Multi-Agent and Game-Theoretic Interaction

* Education naturally forms a multi-agent system, involving students, teachers, and Al
tutors with partially aligned or conflicting objectives.

* These interactions create a strategic learning environment where incentives influence
behavior as much as instructional content.

 Game theory and Multi-Agent Reinforcement Learning (MARL) provide frameworks to
model and analyze these interdependent behaviors and outcomes.

* In such settings, students may exploit or misuse guidance (e.g., overusing hints),
motivating the design of mechanisms that promote genuine engagement.

* Opponent-learning—aware algorithms (e.g., LOLA) illustrate how Al tutors can
strategically choose interventions that shape long-term learning habits and motivation.

* The broader goal is to align incentives and optimize collective learning efficiency,
ensuring that strategic interactions between humans and Al lead to positive, stable
educational equilibria.
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Assessment, Verification, and Content Generation — Summary

Reliable assessment is fundamental to personalization, ensuring that adaptive systems can
accurately gauge what students know and how they reason.

Modern Al can generate educational content, but verifying its correctness and pedagogical
soundness remains a core challenge.

This aligns with the broader agenda of trustworthy and verifiable Al, which integrates the
creativity of generative models with the precision of formal verification methods.

The “generate-and-test” paradigm—as demonstrated by DeepMind’s AlphaCode—illustrates
how Al can produce many candidate solutions or hints and then filter them through verifiers
or test cases.

Extending this approach to education allows systems to generate, evaluate, and refine
qguestions, feedback, or explanations dynamically.

A critical aspect of trust is uncertainty awareness: Al tutors should recognize and express
uncertainty (“I’'m not sure, but...”) to promote transparency, safety, and user trust.
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Ethical and Human-Centered Considerations — Summary

* Technical progress alone is insufficient unless Al systems are designed to be private, fair, and
supportive of human educators.

e Data privacy must be preserved through privacy-preserving machine learning methods such
as Federated Learning and Differential Privacy, allowing models to learn across institutions
without exposing sensitive student data.

* Algorithmic fairness requires frameworks like equality of opportunity, ensuring that Al-
driven educational outcomes do not amplify pre-existing social or demographic inequalities.

e Auditing and bias correction mechanisms should be integrated into all stages of system
design to detect and mitigate disparities in feedback or resource allocation.

* Human-in-the-Loop (HITL) principles ensure that teachers remain central—Al tools should
augment educators by enhancing insight, efficiency, and personalization rather than replacing
them.

» Effective teacher—Al collaboration creates a continuous feedback loop, where human
expertise improves Al systems and Al insights empower better teaching decisions.
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