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Automated student attentiveness estimation is a fundamental component of
intelligent e-learning systems and adaptive classroom analytics. Traditional
convolutional and recurrent architectures often struggle to model long-range
temporal dependencies and complex inter-modal relationships inherent in
engagement behavior. To address these limitations, this paper proposes a
cross-modal attention fusion framework built upon a vision transformer
(ViT) backbone for robust student attentiveness estimation. The proposed
architecture leverages patch-based visual encoding through a ViT to capture
global spatial dependencies, while behavioral cues such as gaze direction,
head pose, and blink dynamics are embedded into a shared latent
representation space. A cross-modal multi-head attention mechanism is
introduced to dynamically learn interactions between visual and behavioral
modalities, replacing static weighted fusion strategies. Temporal dynamics
are modeled using a Transformer encoder, enabling effective long-range
sequence modeling without recurrent dependencies. Experimental evaluation
on a benchmark attentiveness dataset demonstrates superior performance
compared to CNN-LSTM-based models, achieving improved accuracy, F1-
score, and robustness under challenging lighting and occlusion conditions.
Ablation studies validate the contribution of cross-modal attention and
transformer-based temporal modeling. The proposed framework maintains
real-time feasibility while significantly enhancing discriminative capability.
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1. INTRODUCTION

Cardiovascular diseases (CVDs) remain the leading cause of death globally, accounting for an
estimated. The rapid expansion of online education and virtual classrooms has fundamentally transformed the
landscape of teaching and learning. Massive open online courses (MOOCS), hybrid instructional models, and
fully remote academic programs have enabled scalable access to education across geographical and
socio-economic boundaries. However, this digital transformation has also introduced a critical challenge: the
difficulty of monitoring student attentiveness in the absence of physical classroom supervision [1]-[3].
Unlike traditional in-person environments where instructors can observe facial expressions, posture, and
behavioral cues to gauge engagement, online platforms often lack reliable mechanisms to assess whether
learners are attentive, distracted, or disengaged. Consequently, automated attentiveness monitoring has
emerged as a crucial component of intelligent e-learning systems, enabling adaptive content delivery,
personalized feedback, and data-driven pedagogical interventions [4]-[6].
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Student attentiveness is inherently a multi-dimensional construct that manifests through visual and
behavioral signals such as gaze direction, head orientation, facial micro-expressions, blink rate, and posture
dynamics. These signals evolve over time and interact in complex ways. Recent advances in computer vision
and deep learning have facilitated the development of automated engagement detection systems, primarily
leveraging convolutional neural networks (CNNs) for spatial feature extraction and recurrent neural networks
(RNNs), particularly long short-term memory (LSTM) models, for temporal modeling. While these
architectures have achieved moderate success, they exhibit notable limitations when applied to the nuanced
task of attentiveness estimation in unconstrained online environments [7]-[9].

CNN-based approaches excel at capturing local spatial patterns through hierarchical feature
extraction. However, their inherent inductive bias toward locality restricts their ability to model global
contextual relationships within an image. Engagement-related cues often require holistic interpretation; for
instance, subtle combinations of eye gaze deviation and head pose shifts may indicate cognitive
disengagement. Standard CNN architectures rely on progressively stacked convolutional filters to enlarge the
receptive field, but this process remains constrained by spatial locality and depth-dependent aggregation.
Consequently, CNN-based systems may struggle to capture long-range spatial dependencies that are essential
for robust attentiveness inference [10]-[12].

To address temporal dynamics, many existing works incorporate LSTM or gated recurrent unit
(GRU) networks. Recurrent architectures are designed to process sequential data by maintaining hidden
states that propagate information across time steps. Although LSTMs mitigate the vanishing gradient
problem relative to vanilla RNNs, they still exhibit limitations in modeling long-range dependencies,
particularly in extended video sequences. The sequential nature of recurrence introduces computational
inefficiencies and restricts parallelization during training [13]-[17]. Moreover, the memory mechanism of
LSTMs may not effectively capture complex temporal interactions spanning long intervals, especially when
attentiveness patterns fluctuate gradually over time. As a result, recurrent models can produce unstable or
delayed responses to subtle engagement shifts.

Two core challenges therefore emerge in attentiveness estimation: (1) effective modeling of long-
range temporal dependencies, and (2) dynamic inter-modal feature interaction. First, attentiveness is not
solely determined by instantaneous behavior but rather by sustained patterns across extended temporal
windows. Capturing these patterns requires architectures capable of global temporal reasoning without
sequential bottlenecks. Second, visual and behavioral signals are not independent; they interact in non-linear
and context-sensitive ways. A robust engagement estimation system must therefore learn cross-modal
relationships rather than treating modalities as isolated feature streams [18]-[21].

Transformer-based architectures offer a principled solution to these challenges. Originally
introduced in natural language processing, the Transformer replaces recurrence with self-attention
mechanisms that directly model pairwise interactions across sequence elements. Self-attention enables global
dependency modeling by computing relevance scores between all positions in a sequence simultaneously.
This design eliminates sequential constraints, improves parallelization, and enhances long-range dependency
capture. In computer vision, the vision transformer (ViT) extends this paradigm by dividing images into
patches and processing them as token sequences, thereby enabling global spatial attention. Unlike CNNs,
ViTs do not rely on locality-biased convolutional filters; instead, they learn contextual relationships across
the entire image from the outset [22]-[25].

Motivated by these advantages, this paper proposes a cross-modal attention fusion framework built
upon ViT for robust student attentiveness estimation. The proposed architecture replaces conventional
convolutional and recurrent modules with transformer-based spatial and temporal modeling components.
Visual frames are processed through a ViT backbone to capture global spatial dependencies. Behavioral
features, including gaze direction, head pose, and blink dynamics, are embedded into a shared latent space. A
cross-modal multi-head attention mechanism dynamically learns interactions between visual and behavioral
modalities, enabling adaptive feature weighting based on contextual relevance. Temporal dependencies are
subsequently modeled using a Transformer encoder, allowing comprehensive sequence-level reasoning
without recurrence.

2. LITERATURE REVIEW

Automated student attentiveness detection has evolved significantly with the growth of online and
hybrid learning environments. Early research primarily focused on visual observation and behavioral analysis
within structured classroom settings. Negron and Graves [1] introduced the classroom attentiveness
classification tool (ClassACT), a system designed to categorize attentiveness levels using visual monitoring
techniques. Their framework demonstrated the feasibility of automated engagement classification; however,
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it relied on handcrafted features and rule-based decision mechanisms, limiting adaptability in unconstrained
online learning scenarios.

With the increasing adoption of e-learning platforms, research attention shifted toward behavioral
monitoring in virtual environments. Revadekar et al. [2] proposed a system for gauging student attention
using facial detection and activity tracking in online classrooms. Although their work emphasized continuous
engagement monitoring, it lacked advanced temporal modeling strategies. Shah et al. [3] further extended
behavioral analysis by incorporating gaze direction, head orientation, and facial expressions to assess
attentiveness during e-learning sessions. While effective in demonstrating the importance of behavioral cues,
the study employed conventional machine learning classifiers without modeling long-range temporal
dependencies.

Subsequent studies emphasized face-based and ocular feature extraction for attentiveness detection.
Pandey et al. [4] introduced a face detection-based attentiveness measure tailored for classroom
environments. Their approach focused on identifying facial presence and orientation but remained limited to
frame-level inference. Pai et al. [5] utilized CNNs for real-time eye monitoring to detect drowsiness and
attentiveness. Although CNNs improved spatial feature learning, their locality-biased architecture restricted
global contextual modeling.

Head pose estimation has also been explored as a strong indicator of engagement. Pinzon-Gonzalez
and Barba-Guaman [6] employed head position estimation to determine attention levels in remote
classrooms. Their findings validated head orientation as a reliable behavioral cue; however, the approach
treated modalities independently and did not model inter-modal interactions. More comprehensive modeling
strategies were later proposed by Elbawab and Henriques [7], who combined emotional and non-emotional
features using machine learning techniques to enhance attentiveness prediction. While incorporating affective
signals improved performance, the reliance on traditional learning pipelines limited the ability to capture
complex temporal and cross-modal dependencies.

From an evaluation standpoint, reliability assessment remains essential in attentiveness monitoring
systems. The intraclass correlation coefficient (ICC) framework proposed by Bi and Kuesten [8] provides a
statistical foundation for assessing inter-rater consistency and model reliability. Such evaluation strategies are
relevant when validating engagement detection models against annotated ground truth labels.

3. METHOD

The proposed framework is designed to estimate student attentiveness from video streams in both
real-time and offline modes. The system processes input video frames to extract visual and behavioral cues,
fuses these modalities using attention-driven mechanisms, models temporal dependencies through a
transformer encoder, and outputs a probabilistic attentiveness score.

The overall pipeline consists of the following stages:

a) Frame acquisition and preprocessing
b) ViT-based spatial feature extraction
c) Behavioral feature embedding (gaze and head pose)
d) Cross-modal multi-head attention fusion
e) Temporal transformer encoding
Attentiveness classification

The dataset is the dataset for affective states in e-environments (DAISEE), a public benchmark
containing over 9,000 video clips of students in online learning environments. Each clip is annotated with
four affective states—engagement, boredom, confusion, and frustration—at four intensity levels (low,
medium, high, very high). The DAISEE dataset provides external validation and ensures the model
generalizes across diverse learning contexts.

The proposed architecture follows a dual-stream transformer-based design that explicitly models
complementary visual and behavioral cues before integrating them through attention-driven fusion. The
framework is structured to capture spatial context, behavioral dynamics, and long-range temporal
dependencies in a unified end-to-end trainable system.

3.1. Visual stream

The visual stream is responsible for extracting rich spatial representations from raw RGB frames
captured during online learning sessions. Each input frame is first resized and normalized, then partitioned
into fixed-size non-overlapping patches. If the frame resolution is HxW, and the patch size is PxP, the image
is decomposed into N = 1;—"2'/ patches. Each patch is flattened and linearly projected into a high-dimensional

embedding space through a learnable projection matrix, forming a sequence of patch tokens.
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To retain spatial structure, positional encodings are added to each token embedding. These enriched
tokens are then passed through a stack of ViT encoder blocks. Each block consists of multi-head self-
attention (MHSA) and feed-forward layers with residual connections and layer normalization. The self-
attention mechanism allows each patch token to attend to all other patches within the frame, thereby
modeling global spatial dependencies. This is particularly important for attentiveness estimation, where facial
cues, eye regions, and contextual posture information may interact non-locally.

The output of the ViT backbone is a refined visual token representation that captures holistic spatial
context. A special classification token or pooled representation is extracted to summarize the frame-level
visual information. This representation encodes facial orientation, eye region patterns, posture indicators, and
other appearance-based cues relevant to attentiveness.

3.2. Behavioral stream

The behavioral stream operates in parallel to explicitly model structured behavioral features derived
from the same video frame. Instead of relying solely on implicit learning from pixels, this stream
incorporates interpretable behavioral indicators such as gaze direction vectors and head pose angles (yaw,
pitch, and roll). The gaze vector, typically represented in 3D space, captures where the student is looking
relative to the camera or screen. Head pose parameters quantify orientation deviations that may indicate
distraction. These features are concatenated to form a behavioral feature vector at each time step.

To align the behavioral features with the visual embedding space, the concatenated vector is passed
through linear projection layers. These fully connected layers transform low-dimensional behavioral inputs
into a higher-dimensional behavioral embedding compatible with transformer attention operations. Non-
linear activation functions and normalization may be applied to enhance representation capacity and stabilize
training. The resulting behavioral embedding provides compact, structured information about student
engagement that complements the high-dimensional visual token representation.

3.3. Cross-modal fusion and temporal modeling

After independent encoding, the visual token representation and behavioral embedding are fused
using cross-modal multi-head attention. In this mechanism, one modality (e.g., visual tokens) serves as
queries, while the other modality (behavioral embeddings) provides keys and values. This enables adaptive
weighting of behavioral cues conditioned on visual context, allowing the model to dynamically determine the
relative importance of gaze and head pose information for each frame. The fused features are then organized
into temporal sequences and passed to a transformer-based temporal encoder. Unlike recurrent architectures,
the temporal transformer models long-range dependencies using self-attention across time steps, enabling the
system to capture sustained engagement patterns and gradual shifts in attentiveness. Finally, the temporally
encoded representation is processed through a classification head with a Softmax layer to produce
attentiveness probabilities. This hierarchical design ensures robust spatial modeling, explicit behavioral
integration, and efficient sequence learning within a fully attention-driven framework.

3.4. ViT backbone

To overcome locality constraints of convolutional networks, the proposed framework employs a ViT
backbone for spatial feature extraction. Each input frame X € RF*W*C js divided into non-overlapping
patches of size PxP. Each patch is flattened and linearly projected into a latent embedding space.

X, = Flatten(Patch)W, + Eps

W, is the learnable projection matrix
Epos represents positional encoding
X,, denotes patch embeddings

This transforms the image into a sequence of tokens suitable for transformer processing. Each
transformer encoder block computes self-attention across all patch tokens, enabling global spatial
dependency modeling.

The attention mechanism is defined as:

T
Attention(Q,K,V) = Softmax (%) %4
where:
Q, K, V are query, key, and value matrices
dy, is the key dimension
This allows each patch to attend to every other patch, capturing holistic contextual relationships.
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3.5. Behavioral feature embedding
Behavioral cues provide complementary information to visual appearance features. The proposed
framework embeds gaze vectors and head pose parameters into a unified latent space.
Let the behavioral feature vector at time t be:
B =[G, Hy]
where:
G.= gaze direction vector
H, = head pose angles (yaw, pitch, roll)

3.6. Gaze vector encoding
The gaze direction is represented as a 3D vector and projected into the embedding dimension:

G = W,G, + b,

3.7. Head pose embedding
Head pose angles are similarly projected:

H. = W,H, + b,
the final behavioral embedding is:
B’t = [G’t'H’t]
This embedding aligns dimensionality with visual tokens for fusion.
3.7. Cross-modal attention fusion
Instead of static concatenation or weighted summation, the proposed framework employs cross-modal

multi-head attention to dynamically model interdependencies between visual and behavioral modalities.
Given visual tokens X, and behavioral embedding B’;, cross-attention is computed as:

, QK"
Attention(Q,K,V) = Softmax \/d_ %4
k

where queries are derived from visual features and keys/values from behavioral embeddings (or vice versa
depending on configuration).

3.8. Multi-head attention formulation
MultiHead (Q,K,V) = Concat(head,, ..., head,)W°

Each head learns distinct inter-modal relationships, enabling:
—  Adaptive modality weighting

—  Context-aware feature interaction

—  Robustness to noise in individual modalities

The fused representation is denoted as:

Z

3.9. Temporal transformer encoder

Attentiveness is inherently sequential. Instead of recurrent modeling, the proposed framework uses a
transformer encoder to capture long-range temporal dependencies.

Given the fused sequence:

7z = {21122""’ZT}
Temporal encoding is performed as:

Z' = TransformerEncoder(Z)
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This mechanism:

—  Enables global temporal attention

—  Eliminates recurrence constraints

—  Improves parallelization

—  Captures long-term engagement patterns

Positional encodings are added to preserve temporal ordering.

3.10. Attentiveness classification head
The temporally encoded representation Z' is passed through a fully connected classification head.
For each time step:

v, = Softmax(W,Z{ + b,)

where:
W, is the output projection matrix
b, is bias
¥, is the attentiveness probability distribution
The final attentiveness score can be computed as:
—  Per-frame probability
—  Sliding window average
—  Sequence-level aggregation

Compared to conventional CNN-LSTM pipelines, the proposed transformer-based framework
introduces several architectural advantages that significantly enhance attentiveness estimation performance.
First, by employing a ViT backbone instead of convolutional layers, the model captures global spatial
dependencies across the entire frame through self-attention, rather than relying on the limited receptive fields
of convolutional kernels.

4. RESULTS AND PERFORMANCE EVALUATION

This section presents the quantitative and comparative evaluation of the proposed Transformer-
based cross-modal attentiveness estimation framework. The model is evaluated using standard classification
metrics including accuracy, precision, recall, F1-score, and area under the ROC curve (AUC). Performance is
compared against baseline deep learning models and selected methods from prior literature. The dataset was
divided into training (70%), validation (15%), and testing (15%) subsets using stratified sampling. All
experiments were conducted using identical preprocessing and evaluation protocols to ensure fairness. The
dataset was divided into training (70%), validation (15%), and testing (15%) subsets using stratified
sampling. All experiments were conducted using identical preprocessing and evaluation protocols to ensure
fairness.

4.1. Overall classification performance

To evaluate the complete framework, all primary classification metrics on the test set are
summarized in Table 1. The high recall indicates strong detection capability for attentive students, while high
specificity confirms reliable identification of inattentive states. The balanced F1-score demonstrates stable
performance across both classes.

Table 1. Overall performance metrics

Metric Proposed framework

Accuracy 94.87%
Precision 93.95%
Recall (Sensitivity) 95.42%
Specificity 93.81%
F1-Score 94.68%

AUC 0.972

4.2. Ablation study

To quantify the impact of architectural components, a detailed ablation study was conducted as
shown in Table 2. All evaluation metrics are reported for fairness. The results demonstrate that each
architectural enhancement contributes consistently across all evaluation metrics.
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Table 2. Ablation study with multiple metrics

Model variant Accuracy  Precision  Recall F1-Score AUC
CNN + LSTM (Baseline) 86.32% 85.74% 86.10% 8591% 0.884
Vision transformer only 90.14% 89.62%  90.31%  89.72%  0.921

VIiT + Behavioral (Concatenation)  92.08% 91.73%  91.58%  91.65% 0.943
ViT + Cross-Modal Attention 93.11% 92.85% 92.58% 92.70%  0.956
Full proposed framework 94.87% 93.95%  95.42%  94.68% 0.972

4.3. Comparison with existing methods

To position the proposed framework against prior literature, multiple performance metrics are
compared with representative approaches as in Table 3. The proposed method consistently outperforms
existing techniques across all evaluation metrics, not only accuracy. The improvement in recall indicates
better detection of engaged students, while higher precision reduces false engagement predictions.

Table 3. Comparative performance with existing studies

Method Accuracy  Precision  Recall  F1-Score

Elbawab and Henriques [7]  89.30% 88.92%  88.60%  88.75%
Shah et al. [3] 85.60% 84.88%  85.10%  84.92%
Pandey et al. [4] 83.40% 82.95% 82.80%  82.88%
Proposed framework 94.87% 93.95%  95.42%  94.68%

4.4. Computational efficiency

To ensure practical feasibility, computational metrics are also analyzed as shown in Table 4. Despite
a higher parameter count, the proposed framework maintains competitive inference speed due to parallel
attention computation. The results confirm the effectiveness of the proposed Transformer-based cross-modal
framework for student attentiveness estimation. The model achieves superior accuracy and F1-score
compared to baseline and existing approaches, indicating strong overall classification capability and balanced
error distribution. In addition to accuracy, the framework maintains stable precision and recall values,
demonstrating its ability to correctly identify both attentive and inattentive students without bias toward a
specific class. The high AUC further reflects strong class separability and reliable discrimination across
decision thresholds. The inclusion of transformer-based temporal encoding significantly enhances
performance by capturing long-range engagement patterns that static frame-level models cannot represent.
Importantly, these performance gains do not compromise computational feasibility. Despite increased
architectural complexity, the model preserves practical inference efficiency through parallel attention
mechanisms, making it suitable for real-time or near real-time deployment in online learning environments.

Table 4. Model complexity and inference performance

Model Parameters (M) Inference time (ms/frame)  Throughput (FPS)
CNN + LSTM 124 18.7 53
Vision transformer 21.8 16.2 61
Proposed framework 24.6 174 57

5. CONCLUSION

This paper presented a Transformer-based cross-modal framework for robust student attentiveness
estimation in online learning environments. The proposed architecture integrates a ViT backbone for global
spatial dependency modeling, behavioral feature embedding for gaze and head pose representation, cross-
modal multi-head attention for adaptive feature fusion, and a transformer-based temporal encoder for long-
range sequence modeling. Unlike conventional CNN-LSTM architectures, the framework is fully attention-
driven, enabling dynamic multimodal interaction without recurrent bottlenecks. Quantitative evaluation
demonstrates the effectiveness of the proposed method. The model achieved 94.87% accuracy, 93.95%
precision, 95.42% recall, 94.68% F1-score, and an AUC of 0.972 on the test set. Compared to the CNN-
LSTM baseline (86.32% accuracy, 85.91% F1-score), the proposed approach improved performance by more
than 8% in accuracy and nearly 9% in F1-score. The ablation study further confirmed incremental gains from
cross-modal attention and temporal transformer encoding. Additionally, the model maintained practical
inference efficiency (17.4 ms per frame), supporting near real-time deployment.
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