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Abstract: Adaptive context-aware blocking (ACAC) is a

dynamic machine learning framework that optimizes

information presentation by adjusting block size and

structure based on real-time cognitive load indicators.

Traditional static blocking methods fail to account for

individual differences and contextual variability in cognitive

processing. ACAC integrates multimodal biosensing

(eye-tracking, skin conductance response) and

environmental data, using a transformer fusion architecture

to calculate a composite cognitive load index (CLI). This

index drives a dual-path adaptive engine: a Gaussian process

regressor predicts optimal block size, while graph neural

networks (GNNs) organize information units into

hierarchical clusters based on semantic relevance and load

constraints. A feedback-driven optimization loop with

meta-learning ensures continuous performance across

environments. Experimental results show significant

improvements in information retention and task performance compared to traditional strategies.

ACAC’s modular design enables seamless integration with existing systems, with wide

applicability in educational technology and human-computer interaction.
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1. Introduction

Cognitive load management is a critical challenge in modern learning system

design. The chunking concept, rooted in cognitive psychology, reduces working

memory demands by grouping related information (Chen et al., 2001). However,

traditional static blocking strategies cannot address dynamic interactions between

environmental factors, individual differences, and task characteristics—especially in

mobile learning environments with fluctuating conditions (Curum & Khedo, 2021).

Cognitive load theory distinguishes three load types: intrinsic (task complexity),

extrinsic (presentation form), and germane (schema construction) (Bannert, 2002).

Existing systems often treat these as independent variables rather than interacting

components; for example, multimedia platforms optimize presentation formats but

ignore environmental noise or prior knowledge (Mayer, 2005).

Advances in biometric sensing enable real-time load assessment: eye-tracking

metrics (pupil dilation, fixation time) correlate with cognitive effort (Zagermann et al.,

2016), and skin conductance response (SCR) reflects stress and engagement (Ikehara

& Crosby, 2005). Yet few systems combine these multimodal signals with context to

drive adaptive intervention, limiting personalized support.

This paper introduces ACAC to bridge these gaps via three innovations: (1) a

dynamic blocking algorithm adjusting information units based on real-time load; (2) a

multimodal fusion architecture integrating physiological, behavioral, and

environmental data; (3) a meta-learning component that refines adaptation strategies

using performance data. Unlike prior work focusing on isolated aspects (Wang, 2010),

ACAC frames blocking as a multidimensional optimization problem, dynamically

balancing information density and individual processing capacity (Mirza, 2019).

2. Related Work

Cognitive load management has evolved through theoretical and methodological

paradigms, grounded in cognitive load theory’s tripartite model (Bannert, 2002).

However, individual differences and environmental variability require more nuanced

approaches.
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2.1. Contextual Factors in Cognitive Processing

Situational cognition emphasizes how environment and social context shape

cognitive processes (Engeström & Cole, 2021), challenging traditional blocking’s

assumption of universal processing patterns (Li et al., 2014). Bilingual cognition

research confirms context’s role in moderating information processing efficiency

(Lopez et al., 2023), highlighting the need for context-aware strategies.

2.2. Adaptive Systems for Load Management

Technological advances enable faster responses to cognitive load, such as

context-aware chatbots (Behera et al., 2024). However, most systems use

single-modal adaptation, unlike ACAC’s multimodal integration. Cognitive load

knowledge tracking frameworks address problem difficulty but not information

structure (Wu et al., 2025).

2.3. Physiological Measures of Cognitive Load

Biosensing enables real-time assessment: eye-tracking correlates with working

memory demands (Zagermann et al., 2016), and SCR provides stress-related data

(Ikehara & Crosby, 2005). Yet integration with dynamic adaptive systems remains

limited. ACAC addresses this via continuous sensor fusion.

2.4. Information Structuring Approaches

Graph-based information representation minimizes unnecessary load (Mayer,

2005) but relies on static hierarchies. ACAC builds on neural tangent kernel methods

(Jacot et al., 2018) with adaptive reorganization capabilities absent in prior work.

ACAC unifies these directions: it coordinates block size and organization via

integrated machine learning, combines multimodal data streams, and uses

meta-learning to refine strategies—overcoming limitations of static systems while

aligning with instructional design principles.

3. Adaptive Chunking Methodology
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ACAC is a closed-loop system with three interrelated components, combining

multimodal sensing and machine learning for real-time, efficient adaptation.

3.1. Multimodal Fusion and Dynamic Chunking

A cognitive load estimator processes heterogeneous inputs via parallel feature

extraction:

Environmental variables (noise, lighting) are transformed using 1D

convolutional layers:

ϕ(ei) = ReLU(WE ∗ ei + bE)     (1)

Eye-tracking and SCR data undergo similar processing via dedicated CNNs.

A cross-attention fusion mechanism calculates weights, updated via

backpropagation to emphasize informative signals under varying conditions.

3.2. Graph-Based Chunk Organization

Information units U = \{u_1,...,u_k\} form graph nodes, with edges a_{ij}

reflecting semantic relationships and cognitive constraints. GNN attention weights are

computed as:

Aij = softmax(QCLI + Kui + Vuj)     (2)

Here, Q, K, V are learnable matrices. CLI prioritizes strong connections under

low load and sparser structures under high load, balancing semantic consistency and

working memory limits.

3.3. Optimization and Update Mechanisms

Meta-learning using neural tangent kernel (NTK) theory enables rapid

adaptation:

Δθ = η ⋅ NTK(θ)†(y − y�)     (3)

NTK approximates an infinitely wide neural network kernel, ensuring stable

online updates and fast convergence. Old context data decays exponentially to avoid

catastrophic interference while retaining long-term patterns.
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Figure 1 shows the architecture: block boundaries reconfigure only when

significant load changes persist >2 seconds, reducing overhead. A feedback loop

between block parameters and task management enables bidirectional optimization.

Figure 1

Detailed Architecture of the Proposed Chunking Mechanism

4. Experimental Setup

ACAC was compared to three baselines: fixed-size blocking (Chen et al., 2001),

content-adaptive blocking, and load-sensitive blocking (Ikehara & Crosby, 2005).

4.1. Participants andApparatus

120 participants (18–35 years, 60 male/60 female) completed operation-span

tasks to establish baseline working memory capacity (Turner & Engel, 1989).

Equipment included:

• Eye-tracking: Tobii Pro Spectrum (300Hz) for fixation duration and pupil

dilation.

• Physiological monitoring: Empatica E4 wristband (SCR, heart rate

variability).

• Environmental sensors: IoT module measuring noise (dB), lighting (lux), and

movement (3-axis accelerometer).

• Presentation: Unity-based adaptive interface with dynamic layout.
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4.2. Task Design

A 4×3 mixed design (block method as between-subject, environmental

complexity as within-subject) was used. Participants completed three tasks under each

condition:

• Text comprehension (1500-word scientific article with questions).

• Procedural learning (statistical software tutorial).

• Problem-solving (multi-step logic puzzles).

Environmental conditions:

• Low: 50dB noise, 500 lux, stationary seating.

• Medium: 65dB café audio, 300 lux, gentle chair motion.

• High: 75dB construction noise, 150 lux, active chair movement.

4.3. Metrics

Performance was measured via:

Composite Score

= 0.4 ⋅ Accuracy+ 0.3 ⋅ Efficiency + 0.2 ⋅ Recall + 0.1 ⋅ NASA-TLX     (4)

where Accuracy = post-task correct responses, Efficiency = time-normalized

completion (items/min), Recall = 48-hour retention, and NASA-TLX = standardized

workload index (Noyes & Bruneau, 2007).

Cognitive load dynamics were quantified via:

ILI =
1
3

ΔPupil
Pmax

+
GSR

GSRmax
+

HRV
HRVmax

     (5)

Components were normalized to participant-specific maxima from calibration.

4.4. Implementation Details

• Fusion Network: 3-layer Transformer (8 attention heads, d_model=512).

• Chunk Predictor: Gaussian Process with Matérn 5/2 kernel.

• Graph Organizer: 2-layer GNN (hidden_dim=256) with graph attention.

• Meta-Learner: MAML-based optimizer (Finn et al., 2017) (inner loop

LR=0.01).
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Models were pre-trained on 500 annotated sessions (Mitri et al. 2018); controls

used original specifications with equal computational budget.

5. Experimental Results

ACAC outperformed baselines across all conditions.

5.1. Cognitive Load Management

ACAC maintained optimal load levels, reducing average ILI by 32.7% vs.

fixed-size blocking and 18.4% vs. load-sensitive blocking under high environmental

complexity. Figure 2 shows strong alignment between predicted load and actual

performance, with ACAC resisting performance degradation in complex

environments.

Figure 2

Relationship between predicted cognitive load and task performance
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5.2. Information Retention and Efficiency

48-hour recall improved by 27.3% vs. content-adaptive blocking (p=0.012) and

41.5% vs. fixed blocking. ACAC’s composite score exceeded the best baseline by

22.1% across tasks (Table 1).

Table 1

Performance comparison across chunking methods and task types

5.3. Chunk Size Accuracy

84.2% of predicted block sizes fell within empirically optimal ranges. Figure 3

confirms GNN accuracy in adapting to diverse working memory capacities (≥7 items

or ≤3 items), a limitation of traditional methods (Turner & Engel 1989).

5.4. Computational Efficiency

Average block reconstruction delay was 47ms; parameter updates under high

load took <100ms. Meta-learning reduced new user calibration time by 62% vs.

standard methods (Finn et al., 2017).

6. Discussion and Future Work

6.1. Limitations

Method Text Comp. (F1) Procedural (Acc.) Problem-Solving (Efficiency)

Fixed-size chunking 0.68 72.4% 3.2 items/min

Content-adaptive 0.73 78.1% 3.8 items/min

Load-sensitive 0.71 75.6% 3.5 items/min

ACAC (proposed) 0.82 85.3% 4.7 items/min
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• Dependence on biosensors: long-term signal loss (e.g., wearable removal)

reduces accuracy; future work will explore less invasive sensing (e.g., interaction

patterns (Zhang et al., 2024)).

• Static semantic assumptions: dynamic/ambiguous content may require more

frequent GNN reorganization; incremental learning (Su et al., 2023) could alleviate

this.

• Meta-learning in evolving scenarios: exponential decay may discard valuable

long-term patterns; hybrid neural-symbolic approaches (d’Avila Garcez et al., 2009)

could improve lifelong learning.

6.2. Applications

ACAC has potential in:

• Professional training (aviation/medical simulations) to reduce

overload-related accidents (Fraser et al., 2015).

• Assistive technologies for neurodiverse users, narrowing working memory

gaps (Motti, 2019).

• Human-AI collaboration via transparent, user-adjustable blocking, aligning

with explainable AI research . (Idrizi, 2024)

6.3. Ethics

Local sensor data processing avoids persistent storage, but widespread

deployment requires safeguards against leakage. Inference of cognitive states raises

manipulation concerns (Verbeek, 2006); algorithm auditing is needed to prevent bias

reinforcement.

7. Conclusion

ACAC advances cognitive load management by dynamically optimizing

information presentation via multimodal input. Its contributions include a

transformer-based fusion mechanism for CLI, a dual-path adaptation engine, and a

meta-learning loop ensuring robustness. Experimental validation shows consistent

improvements in retention, efficiency, and load regulation. ACAC’s practicality
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extends beyond education to professional training and assistive technologies. Future

work will focus on less invasive sensing, handling ambiguous content, and addressing

ethical deployment challenges.
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