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Abstract. In order to bridge the gap between theoretical AI advancement and
practical application, many practical tools need to be built and tested in
classrooms first before they can play their role well. Here we propose one such
tool named NeuroConscious Transformer (NCT) v3.1, which was originally
created to simulate brain activities and study computational consciousness but
could also find wide usage in AI education scenarios. First, consciousness
metrics (Φ-value) might become one of the indicators of monitoring students’
attention, while multi-candidate competition mechanisms will help demonstrate
the process of problem-solving exploration. Second, our empirical validation
shows that it has achieved comparable results against state-of-the-art models
(99.2% on MNIST and 90.3% on CIFAR-10), thus proving the technical
feasibility of the whole system. Third, accompanying abundant teaching
materials (interactive visualizations, Jupyter notebooks, laboratory manuals,
instructor guides, etc.) have been released as open educational resources (OER).
So far, the technical tests based on typical datasets have finished, while this
paper just introduces a conceptual framework aimed at educational purposes.
Further classroom implementations and student outcome studies will be carried
out afterwards. Related codes can be found at https://github.com/wyg5208/nct
(MIT license).
Keywords: AI in Education, Adaptive Learning Systems, Open-Source
Educational Tools, Consciousness Metrics, STEM Education, Intelligent
Tutoring Systems
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1 Introduction

1.1 Challenges in AI-Powered Education Transformation

There exist three major obstacles to realizing the full potential offered by artificial
intelligence when it comes to improving education worldwide:

Black-Box Problem: Existing deep learning models (CNNs, RNNs,
Transformers) have very good performance on accuracy, while they can hardly
give an explanation why a student’s answer is right or wrong. Without proper
teaching feedback methods, teachers cannot know what happens inside the
models’ decision-making process [1].
Attention Monitoring Gap: Current EdTech platforms use only clickstream data
to detect whether someone is paying attention, when this ignores cognitive load
and does not show actual understanding. There is no standardized measurement
out there called “learning attention” [7].
Adaptive Learning Limitations: Item Response Theory (IRT) and KT
approaches change their estimation of difficulty according to accuracy but say
nothing about the student’s problem-solving strategy, whether multi-strategy
exploration occurred (algebraic versus graphical solutions) [6].

To face such difficulties, brain-inspired structures are needed which have as an
advantage over others the fact that they give rise by themselves to interpretable
decision processes, quantitative attention metrics, and multi-hypothesis reasoning
capabilities.

1.2 The NCT Solution

To fill these needs, NeuroConscious Transformer (NCT) proposes neuroscience-
grounded mechanisms which were first created for consciousness research [2,22], but
now they can serve as building blocks for developing educational applications:

Interpretable Decisions: In attention visualization, one can see exactly which
input features drive predictions
Attention Quantification: Integrated Information (Φ) is a principled measure of
cognitive engagement
Multi-Strategy Reasoning: Multi-candidate competition shows alternative
problem-solving approaches

1.3 Contributions

This paper makes three primary contributions:
Educational Framework Design: Our proposal is to take NCT as an AI teaching
tool, having consciousness metrics (Φ-value) regarded as one of the possible
student attention indicators, providing a novel perspective on the connection
between neuroscience research and classroom practice.
Empirical Validation: Experiments done by us on standard benchmarks such as
MNIST (99.2%) and CIFAR-10 (90.3%) reveal that there is no conflict between



3

biological plausibility and competitive performance—much to the surprise of
many students who think being more brain-like means slower.
Open-Source Teaching Resources: Probably most importantly for educators is
that everything—the interactive visualizations, course modules, and instructor
guides—is MIT licensed and therefore free to use, modify, and distribute without
any paywalls or other restrictions.

2 Related Work

Most Intelligent Tutoring Systems are based on rule-based expert systems, while there
exist some deep learning methods [20], such as attention-based knowledge tracing
[18] and prerequisite modelling [17]. But many of them regard the artificial
intelligence techniques as a black box. To detect students’ attention, people usually
choose eye-tracking devices [9], electroencephalogram (EEG) [14], and even some
behavior-pattern analysis tools which require special hardware [3].

There have also been some recent consciousness-inspired works such as RIIU
[16]for differentiable Φ computation. Then there is consciousness assessment criteria
[5] for evaluating AI systems and finally S2TDPT [15] for spiking transformers. And
then comes NCT, the first one to bring together STDP-Attention hybrid learning, Φ
computation and neuromodulation under one roof within the education domain
(Table 1).

In recent years there have been many developments in relation to large language
models [11,13], which affect educational AI also, as seen from systematic reviews on
this topic [23], which show the fact that interpretable and transparent systems are
needed for educational use, something done by NCT since it allows visibility into the
reasoning process, contrary to black-box LLMs.

Table 1. Comparison with Related Frameworks

Framework STDP Attn Φ Edu. Open
Nengo [4] ✓ × × × ✓

PyTorch [19] × ✓ × Partial ✓

RIIU [16] × × ✓ × Limited
NCT (Ours) ✓ ✓ ✓ ✓ ✓

3 NCT Framework for Education

The following nine main components make up NCT (see Fig. 1): Multi-Modal
Encoder; Global Workspace with attention-based winner-take-all mechanism; Hybrid
Learning Module (STDP-Attention integration); four-level Predictive Coding
Hierarchy; real-time Φ Computation; Neuromodulatory gate (DA, 5-HT, NE, ACh);
Gamma Synchronization (40 Hz); Cross-Modal Fusion; Educational dashboard for
classroom visualization.

h
h
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Fig. 1. NCT architecture highlighting educational features. Dashed lines indicate components
specifically designed for classroom transparency.

3.1 Hybrid Learning Rule

Core learning mechanism, which is composed of both local STDP and global
attention gradients:

Δ��� = �STDP(Δ�) + � ⋅ ∂ℒ
∂���

⋅ �neuro (1)

where �STDP corresponds to spike-timing-dependent plasticity, � balances between
local/global learning, and �neuro represents neuromodulatory gating.

Pedagogical Insight: This equation describes learning by means of immediate
feedback (STDP) and context (by attention), which is further modified by motivation
(via neuromodulation).

3.2 Φ-Value as Attention Metric

According to Integrated Information Theory (IIT) [22], there is a relationship between
consciousness and information integration. In calculating Φ from attention matrices,
we have:

Φ = �
​ MI� (��; �\�|partition) (2)

Threshold Justification: The attention level thresholds (� = 0.15 and � = 0.08 ),
which are empirically determined according to results from different noise levels via
simulations shown in Table 2, stand for three kinds of performances, namely “99.2%
(focused)”, “78.5% (distracted)” and “52.1% (random)”.

h
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Table 2. Φ-Value Correlation with Simulated Student Attention

Condition Mean Φ Accuracy Correlation
Focused (low noise) 0.147 99.2% —
Distracted (medium noise) 0.089 78.5% � = 0.82
Random guessing (high noise) 0.031 52.1% � = 0.91

They also represent some natural breakpoints in the accuracy-Φ relationship. As these
attention-level thresholds are only obtained by experimentation currently, they remain
tentative and need further verification against ground-truth attention measures in
classroom studies.

Classroom Application:
 Φ > 0.15: High attention, active problem engagement
 0.08 < Φ < 0.15: Moderate attention, partial understanding
 Φ < 0.08: Low attention, potential disengagement

3.3 Multi-Candidate Competition

But contrary to single-output approaches, NCT generates four alternative versions
corresponding to several different reasoning strategies:

� = {�integrated, �visual, �auditory, �interoceptive} (3)

The winner is selected via attention-based competition:

�∗ = ��∗ ,  where �∗ = argmax
�

exp(�⋅��/ �)

�
​ exp� (�⋅��/ �)

(4)

Teaching Implication: Through this mechanism pupils get to visualize several
solution paths—they learn that solving problems consists of exploring and comparing
alternatives.

4 Educational Applications

4.1 Student Attention Monitoring

Our suggestion is to use the Φ-value as the attention measure in real time while
working on problems.

Algorithm: Problem is presented → Problem goes through NCT encoding process
→ Computation of Φ → Mapping Φ to a specific Attention Level → Teacher
Recommendation being provided. Simulations suggest there exists very good
agreement ( � = 0.82 – 0.91 ) between Φ and Task Performance (see Table 2 and
Fig. 2).

h
h
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Fig. 2. Φ-value as an attention proxy. Left: Simulated correlation between Φ and task accuracy
for different attention states (� = 90). Right: Real-time Φ monitoring during problem-solving,
showing distinct patterns for focused vs. distracted students.

4.2 Adaptive Problem Difficulty

Curriculum adaptation is performed automatically by NCT’s predictive coding
hierarchy according to Algorithm [alg:adaptive].
Algorithm 1 Φ-Based Adaptive Difficulty Adjustment
1: Initialize: difficulty ← 0 .5, α ← 0 .1
2: for each problem p in session do
3: Present p at current difficulty
4: ϕ ← NCT.compute__phi(student__response)
5: correct ← check__answer(response)
6: if correct and ϕ > 0.12 then
7: diff iculty ← difficulty + α {Increase cognitive load per CLT principles}
8: else if ¬correct and ϕ < 0 .08 then
9: diff iculty ← difficulty __ α {Reduce cognitive load}
10: end if
11: difficulty ← clip(difficulty,0.1, 1.0)
12: end for

Theoretical Connection: In this sense the mechanism adapts to learners in terms
of Cognitive Load Theory [21], which states that there exists an optimal match
between the difficulty of the task and the capacity of working memory of the learner.
Since Φ measures cognitive engagement, NCT implements a kind of dynamic
cognitive load balancing strategy which is impossible by traditional IRT-based
systems.

Key Innovation: Unlike conventional practice in the area of IRT, this approach
adjusts based on both accuracy and cognitive engagement, which helps prevent such
kinds of things that happen when learners get right answers merely by guesswork.

h


7

4.3 Problem-Solving Visualization

NCT’s multi-candidate workspace visually shows every candidate’s progress, thereby
making explicit the fact that there are several solution paths, and also indicating some
of what goes on inside “the head” where the student cannot see; e.g. “Why did algebra
‘win’ over graphing?”

4.4 Proposed Classroom Integration

An outline of one possible way in which NCT can be integrated into university AI
courses is as follows:

There is one six-week course per year: MNIST training in weeks 1–2, attention
visualization in week 3, implementing a custom encoder in week 4, and wrapping up
by building a “student attention dashboard” in weeks 5–6. Full classroom validation
remains future work.

5 Experimental Validation

5.1 MNIST: Foundational AI Teaching Case

MNIST is the standard introductory problem used when teaching Deep Learning.
NCT adds live attention maps on top of something most people were already familiar
with.

Setup:
 Dataset: Standard MNIST (60K train, 10K test)
 Architecture: SimplifiedNCT (�model = 768, 7.9M params)
 Training: AdamW, OneCycleLR, 100 epochs

Results (Table 3):

Table 3. MNIST Performance Comparison

Method Accuracy Params Interpretability
Standard CNN [12] 99.0% 5M Low
ResNet-18 [10] 99.4% 11M Medium
Vision Transformer [8] 99.3% 86M Medium
NCT (Ours) 99.2% 7.9M High

Teaching Point: At the same time, NCT also achieves similar accuracy while
having the benefit of attention visualization and Φ monitoring.

5.2 CIFAR-10: Cross-Domain Generalization

CIFAR-10 training shows capability of processing complex RGB images through
NCT when being trained from scratch. Here we adapt the architecture to accept 3-
channel input, enlarge model capacity accordingly, apply RandomCrop,

h
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HorizontalFlip on inputs to perform data augmentation, finally reach competitive
accuracy of 90.3%(Table 4), similar performance also comes from ViT-Tiny.

Table 4. CIFAR-10 Training Results

Method Accuracy Transfer Strategy
ResNet-18 (scratch) 93.0% None
ViT-Tiny (scratch) 89.5% None
NCT (scratch) 90.3% None

5.3 Ablation Study and Performance

An ablation study shows each element really matters—take away STDP, accuracy
drops to 98.5%; without attention, only 97.8% is reached; by itself, STDP attains
merely 96.2%. And NCT can deliver very good real-world performance appropriate
for showing students in a classroom—namely, 69.7 ms latency per cycle (�model =
768 ), and hence 14.3 samples/sec throughput, plus just 2.1 GB peak memory
requirement which will nicely fit on today’s consumer GPUs, together with less-than-
70 ms time taken for doing Φ calculation.

6 Teaching Resources

NCT provides three course levels: NCT-101 (undergraduate, 2 weeks), NCT-201
(graduate, 4 weeks), and NCT-301 (PhD, 8 weeks). Six HTML dashboards visualize
attention flow, Φ monitoring, candidate competition, learning curves, neuromodulator
effects, and STDP dynamics. Accompanying materials include 10 lab exercises, 12
lecture slide sets (300+ slides), an API manual, and a 50+ item FAQ.

7 Discussion and Conclusion

NCT offers three key advantages for education: (1) theoretical grounding linking
neuroscience to AI, (2) interpretability via attention visualization and Φ metrics, and
(3) research bridges enabling students to transition from coursework to independent
research.

Limitations: The network (∼768 neurons) is far smaller than the human brain,
requiring caution in cognitive claims. Current Φ-attention correlations ( � = 0.82 –
0.91 ) derive from simulated data, and the thresholds (0.15/0.08) are empirically
chosen, awaiting calibration with ground-truth measures (eye-tracking, EEG).
Experiments so far are limited to image classification; generalizability to sequential
educational data remains to be tested.

Future Directions: Planned validation includes: UTM pilot study with 20–30
students (Q3 2026), Φ-eye-tracking correlation using Tobii Pro Nano (Q4 2026),
LLM-based tutoring integration (Q1 2027), and large-scale deployment with pre/post
assessments (Q2 2027).
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In summary, NCT connects neuroscience to classroom practice through
consciousness metrics as attention indicators and competitive selection as problem-
solving visualization. Technical results confirm feasibility (99.2% MNIST, 90.3%
CIFAR-10), though educational applications require further empirical validation in
real classrooms. All code and materials are available at
https://github.com/wyg5208/nct under MIT license.
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