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The convergence of quantum cognition, quantum 
reinforcement learning, and neuroadaptive educa-
tional technologies has opened new possibilities 
for modeling learner variability beyond the limits 
of conventional adaptive systems. This study intro-
duces the Quantum-Cognitive Adaptive Learning 
(QCAL) framework as a hybrid architecture that com-
bines quantum-inspired cognitive state modeling, 
Quantum Reinforcement Learning (QRL) optimized 
via the Quantum Natural Gradient (QNG), and bio-
metric-informed adaptive feedback.
Within QCAL, each learner’s cognitive state is repre-
sented as a probabilistic quantum-inspired wavefun-
ction (ψ), allowing the system to model conceptual 
uncertainty, contextuality, and dynamic transitions 
between partially competing knowledge states. A 
meta-adaptive reward correction mechanism in-
corporates simulated EEG- and eye-tracking-deri-
ved signals to regulate task difficulty, pacing, and 
instructional flow.
The framework was evaluated through large-scale 
simulation with 500 synthetic learners and an addi-
tional biometric pipeline validation scenario based 
on synthetic signal conditions. Comparative and ab-

lation analyses showed that the full QCAL configu-
ration outperformed classical adaptive baselines in 
learning efficiency, cognitive-load stabilization, en-
gagement recovery, and reward convergence. The 
complete model achieved the highest normalized 
reward and the strongest 
adaptive responsiveness among all evaluated con-
figurations.
Rather than claiming biological quantum proces-
sing in the brain, QCAL uses quantum formalisms 
as a computational representation of uncertainty 
and context dependence in learning. The proposed 
framework contributes a reproducible and priva-
cy-aware architecture for next-generation persona-
lized learning systems and offers a simulation-based 
foundation for future real-world experimental vali-
dation in neuroadaptive education.
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1. Introduction
Artificial intelligence continues to transform edu-
cation by enabling dynamic personalization and 
data-driven decision-making across digital learning 
environments. Among these innovations, adaptive 
learning systems have gained prominence for tailo-
ring instructional content to each learner’s behavi-
or, performance trajectory, and engagement profi-
le (Altinay et al., 2019). These systems have made 
individualized education scalable and accessible. 
Yet, despite their algorithmic sophistication, most 
remain grounded in deterministic, behaviorist logic 
that cannot fully capture the complexity of human 
cognition (Ganesh et al., 2022).

Human learning is neither linear nor strictly causal; it 
is shaped by fluctuating internal states, prior know-
ledge, emotions, and context—all of which evolve 
stochastically over time (Moreira et al., 2020). Con-
ventional adaptive engines that ignore such varia-
bility risk producing misaligned instruction, leading 
to cognitive overload, disengagement, or reduced 
retention—outcomes antithetical to their purpose. 
The next generation of educational AI must there-
fore transcend behaviorist optimization and instead 
model cognition as a probabilistic, context-sensiti-
ve, and dynamically adaptive process.

Recent developments in cognitive science and qu-
antum information theory offer a promising path 
toward this goal. Quantum models of cognition, 
grounded in the principles of superposition and 
contextual state collapse, provide a formalism for 
representing uncertain and coexisting mental sta-
tes (Maksimovic & Maksymov, 2025; Leporini, 2025). 
These models simulate how learners can hold mul-
tiple, competing conceptual possibilities that col-
lapse into determinate understanding only through 
contextual interaction. Cognition thus emerges as 
intrinsically stochastic and entangled—a departure 
from the sequential, rule-based logic of classical in-
formation processing (Signorelli & Arsiwalla, 2019; 
Moreira et al., 2020).

Parallel progress in quantum reinforcement lear-
ning (QRL) has introduced computational mecha-
nisms that exploit superposition and entanglement 
to accelerate exploration and optimize learning in 
non-stationary environments (Dong et al., 2008; 
Cuéllar et al., 2024; Dunjko & Briegel, 2018). QRL 
has shown strong performance in optimization and 
control domains (Balasubramani & Biradar, 2024; 
Koutromanos et al., 2024), yet its application to edu-
cation remains nascent. Recent simulation studies 
indicate that hybrid quantum–classical agents can 
model conceptual learning trajectories and decisi-
on-making under uncertainty (Sequeira et al., 2024; 
Neumann et al., 2023), suggesting new possibilities 
for adaptive pedagogy.

Meanwhile, neuroadaptive learning systems integra-
te physiological signals—EEG-based cognitive load, 

eye-tracking-derived attention, and galvanic skin 
response—to infer real-time learner states (Ruan et 
al., 2024). These biometric cues provide high-reso-
lution insight into mental effort and engagement 
beyond conventional behavioral metrics. Yet, effe-
ctive use demands frameworks capable of transla-
ting continuous, high-dimensional signals into pe-
dagogically meaningful adaptations—an alignment 
current systems rarely achieve.

The limitations of conventional adaptive educati-
on became particularly evident after the COVID-19 
pandemic. While digital platforms expanded access, 
they often failed to respond to learners’ rapidly shif-
ting cognitive and emotional states, exposing criti-
cal gaps in empathy, agency, and transparency within 
AI-driven education (Shahwar et al., 2022; Franklin 
et al., 2020). Consequently, the field has called for 
ethical, human-centered AI systems—technologies 
that adapt not only intelligently but also responsibly 
(Bharti et al., 2020).

Addressing these intersecting cognitive, technologi-
cal, and ethical demands, the Quantum-Cognitive 
Adaptive Learning (QCAL) framework is proposed. 
QCAL reimagines personalization by uniting quan-
tum cognitive modeling, quantum reinforcement 
learning optimized through the Quantum Natural 
Gradient (QNG), and real-time biometric feedback 
(Lamata, 2023; Buonaiuto et al., 2024). Within QCAL, 
each learner’s conceptual state is represented as a 
quantum wavefunction (ψ), evolving through proba-
bilistic interactions with instructional stimuli and bi-
ometric signals. This formulation enables the system 
to anticipate latent fluctuations in attention, cogniti-
ve load, and motivation—adapting instructional pat-
hways before performance visibly declines.

Importantly, QCAL’s use of quantum cognition is 
computational rather than ontological: it does not 
assume that the brain operates via quantum mecha-
nics. Instead, it leverages the mathematical structu-
res of quantum theory to represent cognitive uncer-
tainty and contextuality, consistent with established 
perspectives in quantum cognition research (Pothos 
& Busemeyer, 2022; Moreira et al., 2020). This clarifi-
cation preserves interdisciplinary precision and avo-
ids conflating metaphorical modeling with neurop-
hysical claims.

The QCAL prototype was implemented and evalu-
ated through simulation-based validation and synt-
hetic biometric pipeline testing. Simulated learner 
populations (n = 500) with varying cognitive profi-
les were used to compare QCAL against classical 
adaptive environments, followed by a controlled 
validation scenario involving synthetic EEG- and 
eye-tracking-like signal conditions. Results indicate 
that QCAL can process biometric-style inputs in real 
time and dynamically adjust instructional strategies 
under controlled simulation settings, thereby provi-
ding an initial computational foundation for future 
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ethically designed real-world neuroadaptive studies.

Conceptually, QCAL embodies a shift toward pro-
babilistic, embodied, and ethically transparent per-
sonalization. Practically, it demonstrates that qu-
antum-inspired cognition and biometric adaptivity 
can coexist within a reproducible, NISQ-compatible 
system architecture (Zuccarini et al., 2024). Beyond 
optimization, QCAL positions personalization as an 
ethical negotiation between intelligent systems and 
human learners—redefining educational adaptation 
as a dynamic, transparent, and contextually aware 
process.

2. Literature Review
2.1. Quantum Cognition in Learning Con-
texts
Quantum cognition is a theoretical paradigm that 
applies the formal structures and probabilistic prin-
ciples of quantum theory to model human judgment 
and decision-making under uncertainty, ambiguity, 
and contextual dependence (Moreira et al., 2020; 
Leporini, 2025; Pothos & Busemeyer, 2022). In cont-
rast to classical cognitive models—which typically 
assume stable mental representations and con-
text-independent rules—quantum cognitive models 
allow superposition of partially incompatible mental 
states that “collapse” to an observed response th-
rough contextual measurement. This formalism cap-
tures order effects, interference, and non-commuta-
tivity—phenomena repeatedly observed in complex 
reasoning and assessment settings (Moreira et al., 
2020; Yan et al., 2024).

In educational contexts, this lens explains why a le-
arner’s trajectory cannot be reduced to sequences 
of right/wrong responses. A student facing a novel 
mathematics item, for instance, may simultaneously 
entertain multiple schema fragments, with affective 
cues (e.g., anxiety, self-efficacy) modulating which 
alternative collapses to the final answer (Leporini, 
2025). Such dynamics are temporally non-statio-
nary: attention, fatigue, and feedback reshape the 
reachable subspace of conceptual states over time 
(Maksimovic & Maksymov, 2025; Buonaiuto et al., 
2024). Empirical findings—e.g., deviations from the 
law of total probability and improved fits relative to 
diffusion models in conflict tasks—support the utility 
of quantum-like accounts for educational decision 
data (Moreira et al., 2020; Chen et al., 2008; Huang, 
Tan, & Xu, 2023; Reinikainen et al., 2024).

Within QCAL, quantum cognition is adopted com-
putationally rather than ontologically: the approach 
does not claim that the brain is a quantum compu-
ter. The quantum formalism is used as a compact, 
expressive language to encode conceptual uncer-
tainty, contextuality, and interference—capabilities 
that classical state models struggle to represent (Po-
thos & Busemeyer, 2022).

Throughout this study, the terms contextual collapse 
and conceptual entanglement are used within a qu-
antum-inspired representational framework rather 
than as claims about physical quantum processes in 
the brain. Contextual collapse refers to the transiti-
on from multiple competing conceptual interpreta-
tions toward a dominant instructional state following 
feedback or contextual information. Likewise, con-
ceptual entanglement denotes statistical and repre-
sentational dependencies among instructional con-
cepts within the modeled state space. For example, 
changes in algebra mastery may alter the probability 
distribution associated with function-related states. 
These dependencies are implemented through sha-
red amplitudes and entangling circuit operations 
within the simulated representation and should not 
be interpreted as evidence of biological quantum 
entanglement.

2.2. Quantum Reinforcement Learning 
and Adaptive Algorithms
Reinforcement Learning (RL) has become central to 
adaptive sequencing in digital education, yet slow 
convergence, catastrophic forgetting, and instability 
remain common in high-dimensional, partially ob-
served cognitive spaces (Martin-Guerrero & Lamata, 
2022). Quantum Reinforcement Learning (QRL) add-
resses these issues by exploiting superposition, en-
tanglement, and amplitude amplification to improve 
exploration–exploitation trade-offs and accelerate 
value estimation in non-stationary environments 
(Dong et al., 2008; Dunjko & Briegel, 2018; Jerbi et 
al., 2021). In QRL, the agent’s state is represented 
as a quantum superposition vector, allowing parallel 
evaluation of multiple action pathways.

A key enabler for stable training is the Quantum Na-
tural Gradient (QNG), which uses the quantum Fis-
her information metric to update parameters along 
curvature-aware directions and mitigate barren pla-
teau effects in parameterized quantum circuits (Sto-
kes et al., 2020; Sequeira, Santos, & Barbosa, 2024). 
In QCAL, the policy operator U_θ maps the learner’s 
cognitive state to instructional actions; θ is updated 
via QNG, while a meta-adaptive loop injects bio-
metric reward corrections derived from EEG-based 
cognitive load and eye-tracking-based engage-
ment. Three advantages follow:

1.	 Efficient exploration: amplitude amplification 
concentrates probability mass on promising ins-
tructional branches (Huang et al., 2023).

2.	 Faster convergence under sparse feedback: 
parallel sampling of trajectories improves data 
efficiency.

3.	 State continuity and memory: unitary evolution 
preserves informative structure across updates, 
reducing forgetting (Neumann, de Heer, & Phil-
lipson, 2023).
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Given NISQ constraints, QCAL employs shallow 
ansatz circuits (6–8 layers) and hybrid quantum–
classical optimization to maintain trainability and 
hardware plausibility (Lamata, 2023). The resulting 
approach is a hybrid architecture that uses quantum 
formalisms where they add representational and al-
gorithmic value rather than pursuing a fully quantum 
implementation.

2.3. Personalized Learning Pathways with 
AI and Hybrid Architectures
Classical adaptive systems primarily infer learner sta-
te from behavior (quiz accuracy, clicks, dwell time). 
While useful, these proxies lack the temporal resolu-
tion to capture moment-to-moment changes in cog-
nitive effort and motivation. Neuroadaptive learning 
augments behavior with physiological signals—EEG 
for cognitive load, eye-tracking/pupillometry for en-
gagement, GSR for arousal, and HRV for effort regu-
lation—producing richer online estimates of readi-
ness to learn (Ruan et al., 2024; Amato et al., 2023; 
Buonaiuto et al., 2024; Shahwar et al., 2022).

In QCAL, this multimodal layer functions as a me-
ta-adaptive feedback system. Continuous features 
(theta/beta ratio, fixation dynamics) are transformed 
into a Reward Correction Term (RCT) that up- or 
down-weights task difficulty, pacing, and modality 
selection in real time. The result is proactive, sen-
sor-driven personalization: rather than reacting post 
hoc to errors, the system anticipates overload, di-
sengagement, or fatigue and adapts before perfor-
mance collapses. To preserve learner agency and 
trust, QCAL emphasizes edge-side preprocessing, 
opt-in calibration, and explainable dashboards that 
justify biometric-based adjustments (Esposito et al., 
2024).

2.4. Positioning QCAL within the Current 
Research Landscape
Adaptive learning has progressed through deep 
learning, reinforcement learning, and data-centric 
user modeling (Altinay et al., 2019; Amato et al., 
2023). However, many systems still assume classi-
cal cognition, lack neurobiological sensitivity, and 
operate deterministically—limitations that undercut 
responsiveness to within-session variability (Ganesh 
et al., 2022; Leporini, 2025). In parallel, hybrid qu-
antum–classical techniques (e.g., variational quan-
tum circuits) have advanced across domains such 
as energy optimization and scientific computing 
(Lamata, 2023; Ajagekar & You, 2024; Neumann et 
al., 2023; Zuccarini et al., 2024), yet these works typi-
cally target offline optimization rather than live, lear-
ner-facing adaptation.

To our knowledge, QCAL is the first framework to 
unify quantum cognition, quantum reinforcement le-
arning, and neuroadaptive feedback for education:

•	 quantum cognition to encode conceptual un-
certainty and contextual shifts in a Hilbert-space 
representation;

•	 QRL (with QNG optimization) to explore and 
stabilize policies in non-stationary cognitive en-
vironments;

•	 real-time biometric meta-adaptation (EEG, 
eye-tracking; optionally GSR/HRV) to regulate 
cognitive load and engagement (Dong et al., 
2008; Shahwar et al., 2022).

LLM-based tutoring systems have improved perso-
nalization via knowledge tracing and retrieval-aug-
mented generation and have begun to experiment 
with closed-loop EEG feedback (Li et al., 2025; Chen 
et al., 2024; Baradari et al., 2025). Yet these systems 
generally lack a formal cognitive state model and do 
not couple biometric signals to a policy-level optimi-
zer. QCAL addresses this gap by combining a ψ-sta-
te representation with a QRL policy modulated by 
biometric rewards, yielding a neuro-quantum adap-
tive loop that co-evolves with the learner.

3. System Design and Simulation Fra-
mework
A simulation-based system framework was designed 
to evaluate the operational logic of QCAL in delive-
ring personalized and adaptive learning experiences 
under controlled conditions. The design approxima-
tes selected features of educational variability, inclu-
ding cognitive diversity, within-session fluctuations, 
and dynamic adaptation demands. Emphasis is pla-
ced on how QCAL represents uncertainty, integrates 
biometric-style feedback, and updates instructional 
decisions in response to the learner’s evolving cog-
nitive state.

3.1. Objectives and System Capabilities
The evaluation targets three primary goals: (i) im-
proving learning efficiency, (ii) stabilizing cognitive 
load, and (iii) maintaining engagement. Learning 
efficiency is measured by time-to-competence; cog-
nitive-load management reflects the ability to ba-
lance difficulty and mental effort; and engagement 
responsiveness quantifies how rapidly the model re-
acts to attention and motivation changes (Ruan et 
al., 2024; Greengard, 2019). The working hypotheses 
are that QCAL will outperform classical baselines, 
that biometric feedback will deepen personalizati-
on, and that QRL will accelerate convergence (Ama-
to et al., 2023; Dunjko & Briegel, 2018).

3.2. Simulation Design and Learner Mode-
ling
The architecture combines classical deep-learning 
components with parameterized quantum-circuit 
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simulations. A virtual cohort of n = 500 synthetic le-
arners is generated with heterogeneous prior know-
ledge, attentional volatility, and physiological reacti-
vity (De Luca & Chen, 2023). Each learner completes 
20 sessions in either the QCAL environment or a 
comparison system. Sessions are informed by re-
al-time biometric proxies (EEG-based workload; 
eye-tracking engagement) (Franklin et al., 2020; 
Ruan et al., 2024).

3.3. Comparative Models and Benchmarks
QCAL is benchmarked against: (a) Bayesian Know-
ledge Tracing, (b) Deep Knowledge Tracing, and (c) 
a context-aware RL agent. None of the baselines in-
terpret biometric signals or represent cognitive un-
certainty explicitly. This design isolates the contribu-
tion of quantum-cognitive modeling and biometric 
meta-adaptation (Neumann et al., 2023; Cuéllar et 
al., 2024).

3.4. Content Structure and Instructional 
Design
Content comprises a modular mathematics-orien-
ted instructional sequence focused on functions, 
algebra, and introductory logic, including diagnos-
tic tasks, interactive explanations, guided practice, 
and low-stakes quizzes. Learning items are tagged 
by difficulty level, sequencing logic, and recommen-

ded engagement patterns. Multiple adaptive trig-
gers are linked to biometric thresholds in order to 
support dynamic scaffolding (Hasanovic, 2023; Sale-
hi et al., 2022)

3.5. Performance Metrics and Evaluation
The following outcomes are tracked: Normalized 
Learning Gain (NLG), Biometric Stability Index (BSI) 
(variance of EEG-derived load), Engagement Cohe-
rence Score (ECS) (alignment between engagement 
and system response), and Instructional Policy Ent-
ropy (IPE) (diversity–consistency balance). Analyses 
combine parametric and non-parametric tests to ac-
commodate physiological noise (Vedaie et al., 2023; 
Ruan et al., 2024).

3.6. Quantum Circuitry and Policy Optimi-
zation
QCAL represents the learner’s conceptual state as a 
quantum wavefunction (ψ) updated by a unitary po-
licy operator U_θ. Policy parameters θ are optimized 
in a hybrid loop using the Quantum Natural Gra-
dient (QNG) to ensure curvature-aware updates and 
mitigate barren-plateau effects (Dong et al., 2008; 
Jerbi et al., 2021; Stokes et al., 2020). All quantum 
operations are simulated under NISQ-like noise to 
preserve deployment realism (Figure 1).

Figure 1. Schematic of QCAL Processing Loop

Blocks depict the Input Layer (learner interaction 
and biometric capture), Cognitive State Modeling 
(ψ; uncertainty and context dependence), Adaptive 
Decision Engine (QRL-based policy optimization), 
Meta-Learning Layer (strategy/trajectory adaptati-
on), Content Delivery, and the Feedback Loop that 
updates ψ and re-optimizes the path based on per-
formance and biometric signals. This figure presents 
a conceptual-operational schematic rather than an 
output captured from a real learner deployment.

3.7. QCAL System Architecture Overview
A consolidated three-layer view of QCAL is shown 
in Figure 2. Information flows from learner tasks to 
the Quantum Cognitive Layer (ψ-state representa-
tion), through the QRL Layer (policy operator U_θ), 
down to the Biometric Meta-Adaptation Layer (EEG 
+ eye-tracking), and back via a QNG-based poli-
cy-update loop.
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Figure 2. QCAL Framework Architecture (Three-Layer View)

Figure 3. Temporal Flow of One Learning Episode

The diagram shows: (1) Quantum Cognitive Layer 
encoding ψ; (2) Quantum RL Layer with U_θ upda-
ted via QNG; (3) Biometric Meta-Adaptation Layer 
generating a Reward Correction Term (RCT) that 
modulates policy updates; and Adaptive Content 
Delivery closing the loop. The architecture shown is 
an abstracted system representation designed for 
simulation-based validation.

3.8. Real-Time Monitoring and Interface
A real-time dashboard operationalizes biometric in-
tegration by visualizing cognitive and affective met-
rics. The interface presents live data streams such 
as EEG power, engagement levels, and attentional 
focus. This supports system decisions and also sup-
ports learner reflection and self-regulation by ma-
king mental-state signals transparent.
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Time-aligned stages: (1) task presentation; (2–3) 
EEG/eye-tracking capture; (4) feature extraction → 
RCT; (5)  QRL  policy update          	           ; (6) 
feedback delivery. Dashed markers highlight reco-
very after transient overload. The temporal sequen-
ce is illustrative and intended to represent the logic 
of one simulated learning episode.

3.9. System Implementation Prototype
A prototype implementation within a hybrid cloud 
is presented in Figure 4. The front end (Next.js/Re-
act) delivers content and collects interactions. The 
edge layer performs local EEG/eye-tracking prepro-
cessing and RCT computation. The quantum-cloud 
back end (TensorFlow Quantum + Qiskit + FastA-
PI) applies QNG updates and returns personalized 
content. All channels use TLS 1.3; biometric data are 
anonymized at the edge.

Figure 4. Prototype Implementation of QCAL In a Hybrid Cloud Environment.

Left: learner interface; middle: local biometric pro-
cessing (EEG/eye-tracking, RCT computation); right: 
cloud QRL policy server with QNG optimizer and 
model store. Encrypted bidirectional APIs connect 

the layers. The prototype architecture is shown as 
a design-level implementation model and not as a 
report of a live classroom deployment.

Table 1. Core Software Stack

Table 2. API Data-Flow Specification

Layer Main Components Purpose

Front-End Next.js 14, React 18, Tailwind CSS Dynamic learning interface

Edge Processing Python 3.11, MNE-Python 1.6, OpenGaze SDK Real-time EEG/eye-tracking features & RCT

Back-End TensorFlow Quantum 0.7, Qiskit 1.2, FastAPI 0.110 QRL policy update (QNG) & inference

Database PostgreSQL 17 (Neon/Supabase) Learner logs, RCT history

Security TLS 1.3, SHA-256 hashing GDPR/KVKK-compliant protection

Direction Payload Example Description

Front      Edge {"session_id":123,"task":"matrix_ops","response":"B"}
Interaction event forwarded 
for local processing

Edge       Back {"theta_beta":0.68,"engagement":0.74,"RCT":-0.12}
Biometric-derived reward 
correction (anonymized)

Back       Front {"policy_update":true,"new_content":"Level 2B","difficulty":0.78}
Adapted content returned to 
the learner

→

→

→

𝑈𝜃 ← 𝑈𝜃 − 𝜂∇𝑄𝑁𝐺
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4. Methodology
4.1. Research Design
A mixed-method, simulation-based research de-
sign was employed to assess the performance of 
the Quantum-Cognitive Adaptive Learning (QCAL) 
framework relative to Classical Adaptive Learning 
Models (CALMs). The study integrates large-scale 
computational simulation with a controlled synthe-
tic biometric signal scenario. The primary evaluation 
dimensions include learning velocity, cognitive-load 
regulation, engagement responsiveness, and overall 
adaptive efficiency.

The methodology combines:

computational simulations of virtual learner agents 
with heterogeneous cognitive profiles;

synthetic biometric signal streams to support dyna-
mic instructional adaptation; and

comparative evaluation based on conventional per-
formance measures and neuroadaptive stability in-
dicators.

This hybrid design enables a theoretical assessment 
of QCAL’s conceptual structure and a computational 
evaluation of its feasibility within a controlled simu-
lation environment (Amato et al., 2023; Neumann et 
al., 2023).

4.2. Simulation Environment
Two parallel learning environments were implemen-
ted:

•	 a Classical Adaptive Learning Model (CALM) 
based on conventional reinforcement learning; 
and

•	 the proposed QCAL system integrating quan-
tum cognition and QRL.

Both environments delivered identical mid-level 
mathematics modules (functions, algebra, introdu-
ctory logic), differing only in adaptation strategies.

4.2.1. QCAL Implementation
Developed in Python 3.11 using Qiskit v1.2 and Ten-
sorFlow Quantum v0.7, the system employs a 4-qu-
bit variational quantum circuit (VQC) with depth = 
6 and a Ry–CNOT ansatz, consistent with low-noi-
se NISQ topologies (Jerbi et al., 2021). Parameter 
updates use the Quantum Natural Gradient (QNG) 
optimizer (Stokes et al., 2020) to stabilize gradients 
and mitigate barren-plateau effects (Sequeira et al., 
2024).

The Ry–CNOT ansatz was selected because it pro-
vides a compact and interpretable structure for en-
coding continuous learner-state features while still 
allowing controlled interaction among concept di-

mensions. Ry rotations were used to map normali-
zed learner attributes, including prior knowledge, 
attentional volatility, and cognitive-load sensitivity, 
into parameterized amplitudes. CNOT layers were 
then used to introduce cross-concept dependencies 
among the four modeled instructional dimensions: 
functions, algebra, introductory logic, and review. 
The four-qubit configuration therefore yielded a 
16-dimensional Hilbert space, which was sufficient 
to represent the simulated concept basis and its in-
termediate uncertainty states without introducing 
unnecessary circuit width. A circuit depth of 6 was 
chosen as a trade-off between expressivity and tra-
inability: shallower circuits showed limited capacity 
to encode concept interactions in preliminary simu-
lations, whereas deeper circuits increased optimiza-
tion instability under NISQ-like noise assumptions. 
The ansatz should therefore be interpreted as a 
deliberately constrained simulation design choice 
rather than as a claim of hardware-optimal quantum 
architecture.

Technical specification of the QRL/QNG compo-
nent. The QRL layer was used because the simula-
ted learner state is partially observed, non-statio-
nary, and subject to sparse delayed rewards, which 
are conditions under which classical value updates 
may become unstable. The 4-qubit VQC encoded 
the learner-state vector into rotation angles throu-
gh an Ry feature map, followed by CNOT entang-
ling blocks to represent dependencies among fun-
ction, algebra, and logic concepts. For learner i at 
interaction t, the policy produced action probabili-
ties over instructional alternatives a_t ∈ {diagnostic 
item, explanation, guided practice, review, modality 
switch}. The selected action was sampled from the 
measured policy distribution π_θ(a_t | ψ_t^i). QNG 
was used not as a generic optimization label but as 
a curvature-aware update rule, 

Δθ = −η F_Q(θ)^{-1}∇_θ L(θ), where F_Q denotes the 
quantum Fisher information matrix estimated from 
the parameterized circuit. This choice was intended 
to reduce sensitivity to local curvature and gradient 
scaling in shallow variational circuits, while keeping 
the implementation compatible with NISQ-style si-
mulation constraints.

Operational distinction from CALM. The CALM ba-
seline used the same content, learner profiles, sessi-
on length, and reward scale, but updated a classical 
reinforcement-learning policy from observable per-
formance states only. QCAL differed in three cont-
rolled ways: (i) ψ-based uncertainty representation, 
(ii) QRL policy sampling through the VQC, and (iii) 
biometric Reward Correction Term (RCT) injected 
into the reward signal every ten interaction steps. 
This separation was used to prevent content, expo-
sure time, or task difficulty from becoming hidden 
confounders in the QCAL–CALM comparison.
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4.2.2. Learner simulation
A population of 500 synthetic learners was genera-
ted with parameters:

•	 prior knowledge: α = 2.5, β = 1.8 (Beta distribu-
tion, 0–1 scale);

•	 attentional volatility: N(0, 0.15²);

•	 cognitive-load sensitivity: log-N(μ = −0.5, σ = 
0.2).

A fixed random seed (42) ensured reproducibility. 
EEG-based theta/beta ratios and eye-tracking fixa-
tion indices were continuously processed. These 
features informed a Reward Correction Term (RCT) 
every ten interaction steps, rescaling policy weights 
and creating a closed biometric-balancing loop ab-
sent in CALM.

Reproducibility control. Seed = 42 was applied 
consistently to learner-profile generation, baseline 
assignment, biometric-signal emulation, policy ini-
tialization, and resampling procedures. The paired 
design therefore compared QCAL and CALM out-
comes for the same synthetic learner profile rather 
than for two independently generated cohorts. This 
deterministic setup was adopted to make the repor-

ted simulation differences attributable to adaptation 
logic rather than to stochastic cohort imbalance.

Although the learner profiles were generated deter-
ministically using the same seed value, the adapta-
tion dynamics differed substantially between QCAL 
and CALM. In the CALM environment, instructional 
decisions were derived from a classical policy ope-
rating on observable learner states only. In contrast, 
QCAL incorporated three additional sources of 
adaptation variability: (i) probabilistic policy samp-
ling from the variational quantum circuit, (ii) uncer-
tainty-sensitive ψ-state transitions, and (iii) biometric 
reward corrections generated from simulated enga-
gement and cognitive-load signals. Consequently, 
identical learner profiles could follow different inst-
ructional trajectories even under the same initializa-
tion conditions. The fixed seed therefore guarantees 
profile reproducibility rather than trajectory identity 
across adaptation frameworks.

4.3. Learner Profile Simulation and Ablati-
on Design
An ablation series isolated each component’s cont-
ribution:

Table 3. Ablation Models and Active Modules of the QCAL Framework

Model Description Active Modules

QCAL-Full Complete architecture Quantum cognition + QRL + biometric meta-learning

QCAL-NoBio Biometric layer disabled Quantum cognition + QRL

QCAL-NoQRL QRL disabled Quantum cognition + meta-learning

QCAL-NoQC Quantum cognition disabled Classical cognition + QRL

CALM Baseline Classical RL only

QCAL-Full achieved a normalized reward of 0.88 ± 
0.05, significantly higher than all others after Holm–
Bonferroni correction (p_adj < 0.001). QCAL-NoBio 
ranked second (0.81 ± 0.06), indicating ≈8% impro-
vement attributable to biometric meta-adaptation. 
Simulations incorporated realistic NISQ noise pro-
files (T₁ = 110 μs, T₂ = 95 μs, readout error ≈ 1.1%) 
(Lamata, 2023)

The noise parameters were not intended to repro-
duce a specific quantum processor. Instead, they 
were selected as representative NISQ-era operating 
conditions based on ranges commonly reported in 
contemporary superconducting quantum-device 
studies and educational quantum-computing ben-
chmarks (Lamata, 2023). The objective was to avo-
id idealized noiseless simulation and to evaluate 
whether the proposed QCAL architecture remained 
operational under realistic hardware-inspired cons-
traints. Accordingly, the reported values should be 
interpreted as illustrative NISQ-compatible simulati-

on parameters rather than measurements obtained 
from a particular quantum device.

4.4. Synthetic Biometric Signal Integration 
and Pipeline Validation
A synthetic biometric integration module was de-
veloped to validate the processing pipeline for 
EEG- and eye-tracking-informed adaptation under 
controlled signal conditions. The validation relied 
entirely on artificially generated signals designed to 
emulate realistic variability, noise, and temporal flu-
ctuations. No real human participants, human sub-
jects, or identifiable personal data were involved at 
any stage. Consequently, formal ethics committee 
approval was not required for this simulation-ba-
sed validation design. The overall system logic was 
nonetheless structured in accordance with priva-
cy-aware design principles aligned with GDPR and 
Türkiye’s KVKK.
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4.4.1. Signal emulation setup
Synthetic EEG-like signals were parameterized to 
reflect plausible channel structures and sampling 
characteristics comparable to lightweight consu-
mer-grade headsets (e.g., 5-channel configurations 
sampled at 256 Hz). Synthetic eye-tracking-like sig-
nals were generated to mimic common gaze and 
fixation streams consistent with 60 Hz infrared tra-
cking environments. These specifications were used 
solely to emulate realistic pipeline conditions and do 
not indicate data acquisition from real participants.

4.4.2. Signal processing
EEG preprocessing via MNE-Python v1.6 included 
band-pass filtering (1–40 Hz), ICA artifact removal, 
and PSD estimation using Welch’s method (2 s epo-
chs, 50% overlap). The theta/beta ratio (4–7 / 13–30 
Hz) indexed cognitive load. Outliers beyond ±3 SD 
were removed. A Random Forest classifier (200 tre-
es) labeled low/medium/high load; LOSO cross-va-
lidation yielded mean accuracy of 82.4% (±4.7) and 
F1 = 0.81 ± 0.05.

4.4.3. Eye-tracking metrics
Fixation Duration (FD), Blink Rate (BR), and Saccadic 
Frequency (SF) formed an Engagement Index (EI):

EI = z(FD) − z(BR) + z(SF).

Low EI (< −1 SD) triggered adaptive interventions 
computed locally on edge devices (GDPR/KVKK 
compliant).

4.4.4. Meta-adaptive update
The reward update followed:

R′ = Rₜ − λ₁(HighLoad) + λ₂(ReEngagement),

with λ₁ = 0.15 and λ₂ = 0.10.

4.4.5. Quality control
Internal consistency and temporal stability checks 
within the synthetic calibration scenarios yielded an 
ICC(2,1) of 0.89 [0.83–0.94], indicating strong repe-
atability within the simulated validation setup. This 
value should be interpreted as a pipeline-level con-
sistency indicator under synthetic conditions rather 
than as synthetic scenario-based biometric reliabi-
lity. Since no real personal data were collected, all 
records remained simulation-generated throughout 
the validation process.

4.5. Instructional Pathways and Quantum 
State Modeling
Each learner’s ψ state was initialized as a normalized 
complex-valued state vector over the instructional 

concept basis B = {functions, algebra, introductory 
logic, review}. For learner i, prior knowledge drawn 
from Beta(2.5, 1.8) determined the initial amplitu-
de concentration, whereas attentional volatility and 
load sensitivity increased the dispersion of ampli-
tudes across competing concept states. Formally, 
ψ_0^i was normalized so that ∑_k |α_{k,0}^i|² = 1, 
where |α_{k,0}^i|² represents the initial probability 
mass assigned to concept k. After each interacti-
on, the state was updated through three sequen-
tial operations: (1) a unitary policy operation U(θ_t, 
a_t) encoding the selected instructional action, (2) 
a measurement-like feedback operator M(y_t, b_t) 
incorporating task outcome y_t and biometric-sty-
le signal b_t, and (3) renormalization: ψ_{t+1}^i = 
Normalize[M(y_t, b_t)U(θ_t, a_t)ψ_t^i]. Here, y_t de-
notes the correctness/learning-progress signal and 
b_t denotes the synthetic biometric-style load or 
engagement indicator transformed into the Reward 
Correction Term. This update rule makes the ψ me-
chanism concrete: performance feedback shifts con-
ceptual probability mass, while biometric overload 
or disengagement modifies the reward pathway wit-
hout being treated as evidence of actual biological 
quantum processing. CALMs, by contrast, maintain 
a single observable MDP state and therefore cannot 
represent simultaneous competing conceptual pos-
sibilities or context-sensitive state collapse.

To make the state-transition mechanism explicit, the 
learner state was initialized as

|ψ₀⟩ = Σₖ₌₁⁴ αₖ |cₖ⟩,

where |cₖ⟩ denotes the instructional concept basis 
states (functions, algebra, introductory logic, and re-
view) and

Σₖ₌₁⁴ |αₖ|² = 1.

After each instructional interaction, the state evol-
ved according to

|ψ′ₜ⟩ = U(θₜ, aₜ)|ψₜ⟩,

where U(θₜ, aₜ) represents the policy-dependent 
unitary transformation generated by the QRL layer. 
Performance feedback and biometric-style infor-
mation were then incorporated through a measure-
ment-inspired update operator

M(yₜ, bₜ)|ψ′ₜ⟩
‖M(yₜ, bₜ)|ψ′ₜ⟩‖

This formulation should not be interpreted as a cla-
im of physical quantum-state evolution in human 

|ψₜ₊₁⟩ = 
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cognition. Rather, it provides a computational rep-
resentation of uncertainty, context sensitivity, and 
adaptive concept transitions within the simulated 
learning environment.

4.6. Evaluation Metrics and Statistical 
Analysis
Metrics included Learning Speed (iterations to ≥80% 
post-test accuracy), Cognitive Load Stability (SD of 
EEG-derived load), Content Repetition (review cyc-
les required to maintain mastery), Engagement Re-
covery (time to re-engage after fatigue), and Reward 
Convergence (normalized cumulative reward). Be-
cause the final reported results are based on deter-
ministic paired simulations of identical synthetic le-
arner profiles, the inferential strategy was restricted 
to pre-specified paired contrasts rather than mixing 
omnibus ANOVA and separate t-test reporting. Pa-
ired-samples t-tests were used for two-condition 
QCAL–CALM comparisons and for planned ablation 
contrasts. To control Type I error inflation across mul-
tiple planned contrasts, Holm–Bonferroni correction 
was applied within each metric family; adjusted p 
values are reported as p_adj wherever significance 
is interpreted. Normality of paired differences was 
inspected through Q–Q plots and Shapiro–Wilk 
tests; when assumptions were not met, Wilcoxon 
signed-rank sensitivity checks were performed. Ef-
fect sizes are reported as Cohen’s d_z for paired 

comparisons, with 95% confidence intervals where 
applicable. This revision removes the earlier ANO-
VA–t-test ambiguity and aligns the methodology 
with the results actually reported in the Findings se-
ction.

Multiple-comparison interpretation. The correcti-
on was applied to the family of planned compari-
sons associated with each outcome domain rather 
than across unrelated descriptive tables. Therefore, 
non-significant contrasts, such as the fast-learner 
cognitive-load comparison, remain non-significant 
after correction, while the moderate and slow profile 
contrasts retain p_adj < 0.001.

4.7. Illustrative Use Case: Personalized 
Learning Trajectory
A hypothetical learner profile (“Ayşe”) is used as an 
illustrative scenario to demonstrate how QCAL may 
adapt instructional flow across functions, algebra, 
and introductory logic under simulated conditions. 
Initialization begins with ψ distributed across seve-
ral concepts (high uncertainty). Early interactions 
show moderate success and manageable EEG load. 
Mid-lesson, eye-tracking indicates declining en-
gagement; QCAL switches modality and simplifies 
tasks. Cognitive load remains stable, and learning 
speed improves by 22% relative to CALM, illustra-
ting dynamic, context-aware personalization.

Figure 5. Illustrative Use Case of Personalized Quantum-Cognitive Instruction In a High-School Mathematics Context. The Scenario Is 
Illustrative and Simulation-Based.
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5. Findings
Findings obtained from simulation-based analyses 
and synthetic biometric signal scenarios indicate 
that the Quantum-Cognitive Adaptive Learning 
(QCAL) model outperformed Classical Adaptive 
Learning Models (CALMs) in personalization, cog-
nitive efficiency, and adaptive responsiveness within 
the evaluated computational setting. Overall, QCAL 
demonstrated faster learning, lower cognitive-load 
variance, stronger engagement recovery, and more 
stable reward convergence under noisy conditions. 
All findings reported in this section were obtained 
under simulation-based conditions and should the-
refore be interpreted as evidence of computational 
performance within the modeled environment rat-
her than as direct proof of effectiveness in real edu-
cational settings.

Statistical transparency note. The inferential results 
below should be read as simulation-level evidence. 
Pairwise contrasts are reported as paired compari-
sons of identical synthetic learner profiles, and sig-
nificance claims refer to Holm–Bonferroni-adjusted 
post hoc tests unless otherwise stated.

5.1. Learning Speed
QCAL markedly reduced the time required to reach 
target conceptual thresholds, particularly for mo-
derate- and slow-profile learners. Average session 
counts were M = 14.2, SD = 2.7 for QCAL and M = 
19.5, SD = 3.1 for CALM. Each QCAL value was pai-
red with its corresponding CALM value for the same 
synthetic learner profile generated under an iden-
tical random seed. A paired-samples t-test yielded 
t(499) = 9.84, p_adj < 0.001, Cohen’s d_z = 0.82, with 
a 95% CI [3.8, 6.5]. These results correspond to an 
average 26% improvement in learning speed relati-
ve to CALM.

5.2. Cognitive Load Management
EEG-derived indices show that QCAL maintained 
substantially more stable cognitive-load patterns 
than CALM, especially for moderate and slow lear-
ners.

Table 4. Comparative Cognitive-Load Means by Learner Profile

Notes. Values reflect paired comparisons between QCAL and CALM for identical synthetic learner profiles. p_adj values are Holm–

Bonferroni-adjusted within the cognitive-load metric family and two-tailed. Effect sizes are Cohen’s d (paired: dᶻ).

Profile Mean 
(CALM)

SD 
(CALM)

Mean 
(QCAL)

SD 
(QCAL)

t p_adj d

Fast 0.41 0.06 0.39 0.05 1.21 0.23 0.12

Moderate 0.58 0.09 0.31 0.07 10.45 < 0.001 1.03

Slow 0.77 0.11 0.28 0.08 12.17 < 0.001 1.14

5.3. Engagement and Recovery
In simulated attention-drop scenarios, QCAL resto-
red engagement 22.8% faster on average (95% CI 
[18.4, 27.1]). The Engagement Recovery Index was 
0.78 ± 0.09 for QCAL and 0.61 ± 0.11 for CALM, yiel-
ding t(499) = 7.94, p_adj < 0.001, d_z = 0.71. These 
gains are attributed to the QRL module’s dynamic 
reward-priority reweighting in response to biometric 
cues.

5.4. Reward-Function Convergence
QCAL achieved a normalized total reward of M = 
0.88, SD = 0.05, significantly exceeding CALM (M = 

0.62, SD = 0.08), with t(499) = 14.22, p_adj < 0.001, 
d_z = 1.27. The result confirms accelerated value 
convergence enabled by QNG-based optimization 
and demonstrates superior policy stability under no-
ise.

5.5. Comparative Evaluation with State-of-
the-Art Studies
To ensure bibliographic accuracy and contextuali-
zation, Table 4 summarizes corrected comparisons 
with hybrid quantum-classical studies, and Table 4B 
adds comparisons with recent LLM + EEG neuroa-
daptive tutoring systems (2024-2025).
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Table 5. Comparative Summary of QCAL vs. Hybrid Quantum–Classical Studies (Corrected Sources)

Table 6. LLM-Based Tutoring Systems with Neuroadaptive and/or Explainable Components (2024–2025)

Feature / Study QCAL (This 
Study)

Ajagekar & You 
(2024)

Cuéllar et al. 
(2024)

Neumann et al. 
(2023)

Vedaie et al. 
(2023)

Application 
Domain

Education & 
Personalized 
Learning

Energy Demand 
Response

QRL Design
QRL 
Benchmarking

Unified Learning 
& Control

Quantum 
Cognition (ψ)

✔ Full 
integration

✖ ✖ ✖ ✖

Hybrid Q–C 
Architecture

✔ ✔(Shallow VQC) ✔ ✔ ✔

NISQ-
Compatible

✔ ✔ ✔ ✔ ✔

Cognitive Load 
Management ✔ (EEG-based) ✖ ✖ ✖ Partial / Indirect

Learner-Facing 
Adaptation

✔ ✖ ✖ ✖ ✖

Feature QCAL (This Study) TutorLLM (Li et al., 
2025)

NeuroChat 
(Baradari et al., 
2025)

VIOLET (Ruan et al., 
2024)

Core Goal
Quantum-cognitive 
tutoring + biometric 
meta-learning

LLM tutor + KT + 
RAG

LLM tutor + real-time 
EEG

Explainable QNN 
analytics

Cognitive State 
Model

Quantum ψ-state Classical KT state EEG-derived N/A

Biometric 
Integration

EEG + eye-tracking 
(synthetic online 
signals)

✖ (behavioral only)
EEG-based synthetic 
scenario Visualization only

Personalization 
Loop

QRL policy + meta-
reward (RCT) KT-conditioned RAG EEG-tuned response 

complexity
Analyst-driven 
steering

Explainability Policy & signal 
dashboard

Limited (logs) Limited (EEG shown) High (visual 
heatmaps)

Publication Status This study arXiv / RecSys 
context

ACM Proceedings 
(2025) IEEE TVCG (2024)

Key sources: Ajagekar & You (Applied Energy, 2024); Cuéllar et al. (Quantum Information Processing, 2024); Neumann et al. (QIP, 
2023); Vedaie et al. (Annals of Physics, 2023).

6. Discussion
Simulation-based findings indicate that the Quan-
tum-Cognitive Adaptive Learning (QCAL) framework 
outperformed the selected Classical Adaptive Lear-
ning Models (CALMs) across learning speed, cog-
nitive-load stabilization, engagement recovery, and 
reward convergence within the evaluated synthetic 
environment. These gains were observed across 
fast, moderate, and slow learner profiles, sugges-
ting that the framework is robust under the mode-
led conditions. Taken together, the results support 
the proposition that representing learner cognition 
through a quantum-inspired probabilistic formalism 
may improve adaptive responsiveness relative to 
deterministic behavioral baselines, although this in-
terpretation still requires validation with real learners 
and empirical classroom data.

6.1. Relationship to Prior Research
QCAL’s performance aligns with quantum-cognition 
accounts emphasizing context sensitivity, superpo-
sition, and non-commutativity in decision making. 
By explicitly representing conceptual superpositi-
ons and context-sensitive state updating, QCAL is 
theoretically aligned with prior quantum-cognition 
accounts that have been used to explain order effe-
cts and interference-like patterns under uncertainty. 
Within the present study, however, this alignment 
should be interpreted as a simulation-based mode-
ling advantage rather than as direct empirical confir-
mation from real educational settings.

Integrating quantum reinforcement learning (QRL) 
into instructional sequencing is also consistent with 
recent evidence showing that QRL agents can out-
perform classical agents under sparse rewards and 
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complex state dependencies—conditions common 
in education (Yan et al., 2024). Moreover, QCAL ope-
rationalizes biometric meta-adaptation by feeding 
EEG-derived workload and eye-tracking engage-
ment indices into a reward-correction term, closing 
a continuous optimization loop that has been pro-
posed but rarely realized in deployed systems (Li et 
al., 2025). Together, these layers address longstan-
ding critiques that adaptive systems are rigid, rea-
ctive, and weakly aligned with real cognitive states.

6.2. Theoretical and Practical Contributi-
ons
6.2.1. Theoretical contributions
QCAL extends quantum-cognition formalisms be-
yond isolated decision tasks to real-time educatio-
nal adaptation, offering a computational account of 
conceptual development under uncertainty.

6.2.2. Practical contributions
The framework provides a blueprint for next-genera-
tion platforms that are cognitively congruent (respe-
ct conceptual uncertainty), physiologically respon-
sive (track readiness via biosignals), and adaptively 
resilient (handle non-linear trajectories). Importantly, 
the hybrid quantum–classical design remains com-
patible with NISQ-era constraints through shallow 
variational circuits and a Quantum Natural Gradient 
optimizer, suggesting a pragmatic path to deploy-
ment (Ajagekar & You, 2024).

6.3. Limitations and Alternative Explanati-
ons
Several limitations should be considered when in-
terpreting the present findings. Although the sy-
nthetic learner profiles were designed to reflect 
plausible variation, they cannot fully represent the 
cognitive, motivational, and contextual diversity of 
real educational environments. Furthermore, the 
biometric adaptation layer was assessed through 
synthetic signal conditions intended to approxima-
te EEG- and eye-tracking variability, rather than th-
rough live human data, which necessarily constrains 
the real-world generalizability of the results. It is also 
possible that part of the observed performance ad-
vantage derives from the density of micro-adaptive 
updates within the meta-learning loop rather than 
from the quantum-inspired state representation it-
self. Future work should address these limitations th-
rough controlled real-learner studies, stronger em-
pirical validation of biometric responsiveness, and 
more fine-grained ablation designs.

6.4. Broader Implications for Educational 
Technology
QCAL enters the domain of neurodata-driven edu-
cation, where privacy, transparency, and autonomy 
are central. In the prototype, all physiological data 
are processed locally on edge devices, anonymized 
prior to any transmission, and governed by opt-in 
calibration with the option to disable tracking at any 
time, in line with GDPR and Türkiye’s KVKK. To sup-
port human-in-the-loop oversight, QCAL exposes 
an analytics dashboard that visualizes cognitive-lo-
ad and engagement traces alongside instructional 
adjustments (Rajpura et al., 2024; Guan et al., 2022). 
The framework thus represents not only a technical 
advance but also a human-centered approach that 
treats learners as active partners in personalization.

7. Conclusion 
The Quantum-Cognitive Adaptive Learning (QCAL) 
framework brings together quantum-inspired cogni-
tion, quantum reinforcement learning, and biometri-
c-informed adaptive feedback within a hybrid simu-
lation-based architecture for personalized learning. 
Across the evaluated simulation scenarios and synt-
hetic biometric signal conditions, QCAL outperfor-
med the selected CALM baselines in learning spe-
ed, cognitive-load stabilization, and engagement 
recovery. The main contribution of the framework 
lies in representing learning as a probabilistic trajec-
tory over a quantum-inspired state space (ψ), which 
can be dynamically updated through performan-
ce-related and biometric-style inputs under control-
led computational conditions.

7.1. Policy and Practice Implications
Interdisciplinary collaboration among educational 
technology, cognitive science, learning analytics, 
and quantum computing researchers may help re-
fine computationally informed adaptive learning 
systems. Privacy-sensitive design, transparent con-
sent structures, and interpretable adaptation logic 
should remain central in any future attempt to 
translate biometric-informed personalization into 
real-world educational settings. Hybrid quantum-c-
lassical approaches may become more relevant as 
hardware and software ecosystems mature, but their 
educational value must be established through ca-
reful empirical validation rather than assumed from 
theoretical novelty alone.

7.2. Directions for Future Research
Future research should extend the present fra-
mework through controlled empirical studies with 
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real learners, longitudinal validation, stronger sen-
sor protocols, and cross-disciplinary benchmarking 
against advanced adaptive tutoring architectures. 
Additional work is also needed to clarify the relative 
contribution of quantum-inspired state modeling, 
biometric reward correction, and classical optimi-
zation components in realistic instructional environ-
ments.

8. Limitations and Future Work
Several limitations should be considered when in-
terpreting the present findings. First, the evaluation 
is entirely simulation-based and therefore cannot 
fully capture the social, motivational, emotional, 
and contextual complexity of authentic educational 
environments. Second, the biometric component 
was validated using synthetic signal scenarios rather 
than data collected from real learners; accordingly, 
all conclusions regarding physiological adaptation 
remain preliminary. Third, although the hybrid quan-
tum-classical design is conceptually grounded and 
computationally operationalized, the present results 
do not isolate with full certainty how much of the 
observed performance gain is attributable specifi-
cally to quantum-inspired modeling rather than to 
the broader adaptive control structure. An additio-
nal limitation concerns the use of a fixed determi-
nistic seed configuration to maximize reproducibility 
and profile-level comparability between QCAL and 
CALM. Although this design facilitates controlled 
paired evaluation, future studies should incorporate 
multiple seed configurations and repeated simula-
tion runs in order to quantify variability arising from 
initialization effects and stochastic adaptation traje-
ctories.

Technical limitations should also be acknowledged. 
The proposed architecture assumes NISQ-compa-
tible feasibility through shallow circuits and hybrid 
optimization, yet no real quantum hardware deploy-
ment was performed in the present study. In addi-
tion, several implementation choices, including an-
satz structure, policy parameterization, and reward 
correction dynamics, remain open to further optimi-
zation and ablation under more realistic experimen-
tal settings.

Future validation should therefore proceed in sta-
ges: first through controlled laboratory studies with 
real learners and research-grade or carefully bench-
marked consumer-grade sensors; second through 
longitudinal educational trials; and third through 
comparative testing against stronger adaptive lear-
ning baselines, including advanced LLM-supported 
tutoring and multimodal personalization systems. 
Such work will be necessary before stronger claims 
can be made regarding educational effectiveness, 
neuroadaptive validity, and deployable quantum-en-
hanced personalization.
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