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PAPER

An Efficient Multimodal Causal Attention 
Architecture for Real-Time Mobile Educational 
Content Interpretation

ABSTRACT
The increasing adoption of mobile learning requires efficient multimodal models capable of 
real-time educational content analysis under resource constraints. However, existing multi-
modal architectures often involve high inference latency and memory requirements, limiting 
their deployment on mobile and edge devices. This study proposes the Efficient Multimodal 
Causal Attention Architecture (EMCAA), integrating speech, lecture transcripts, presentation 
slides, and contextual learner interactions. EMCAA combines Temporal Directed Acyclic Graph 
(T-DAG) Causal Attention to prioritize temporally relevant dependencies, Cross-Modal Layer 
Fusion (CMLF) to integrate complementary multimodal representations, and Causal Context-
Aware Quantization (CCQ) to reduce computational and memory requirements through 
adaptive precision allocation. Experiments on the Multimodal Student Attention Dataset 
showed that EMCAA achieved 91.4% accuracy, 91.0% precision, 90.8% recall, and 90.9% 
F1-score. Compared with MC-MIFA, EMCAA improved accuracy by 1.2 percentage points 
while reducing inference latency from 57 to 43 ms (24.6%) and memory consumption from 
401 to 329 MB (18.0%). Ablation analysis further demonstrated the contribution of the pro-
posed components. These findings indicate the potential of EMCAA for efficient multimodal 
educational content processing in resource-constrained mobile and edge environments.

KEYWORDS
multimodal educational content, causal attention, T-DAG, cross-modal layer fusion, causal 
context-aware quantisation

1	 INTRODUCTION

Mobile computing, artificial intelligence (AI), and learning technologies have rev-
olutionised the conventional forms of education and turned them into interactive 
and personalised learning experiences. Mobile learning platforms allow learners to 
have instant access to lectures, presentations, tutorials, digital books, and exercises 
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at any time and place [1]. Such resources produce heterogeneous data, such as voice, 
transcripts, presentation slides, images, and learner interaction. Therefore, intelli-
gent solutions that are able to learn from multiple modalities in real time become 
an important tool for automating lecture analysis, personalization of learning, sum-
marizing of educational content, and educational assistance [2]. Multimodal AI and 
Transformer-based models have proven themselves to be powerful solutions for 
learning the dependencies between texts, visuals, and audios [3]. At the same time, 
many multimodal models have a lot of parameters and perform complex attention 
operations that make the deployment of such models difficult for smartphones, 
tablets, and other small devices [4]. It is possible to use cloud-based computation to 
decrease the computational load for mobile devices, but then the network becomes 
an issue for performance and data security. Thus, developing multimodal models 
that can perform inferences in real-time directly from mobile or edge devices is a 
research challenge [5]. The other disadvantage associated with the use of existing 
attention models is their inability to explicitly differentiate between causally and 
temporally relevant information and redundant information [6]. There are usually 
temporal dependencies in the education data, where basic concepts are introduced 
before their explanation and examples. Information from speech, slides, transcripts, 
and learner interaction may also be useful but vary over time [7]. Modelling these 
temporal dependencies may help in identifying important concepts in the education 
data without unnecessary computations [8].

In order to overcome the above-mentioned difficulties, this study suggests an 
Efficient Multimodal Causal Attention Architecture (EMCAA) that provides real-time 
analysis of mobile educational content. The framework consists of speech, lecture 
transcriptions, presentation slides, and interactional contextual learning processes [9].  
To analyze the time-based relations, we design a Temporal Directed Acyclic Graph 
(T-DAG) Causal Attention model. To integrate multimodal data from different 
sources, a Cross-Modal Layer Fusion (CMLF) scheme is applied. To reduce mem-
ory and computing resource utilisation while retaining context representations, we 
propose a Causal Context-Aware Quantisation (CCQ) method. The suggested architec-
ture focuses on finding a balance between the interpretation quality and efficiency 
of the framework usage on mobile devices. The experimental assessment covers the 
following factors: interpretation accuracy, inference delay, memory consumption, 
concept identification, contextual comprehension, and content summarization [11]. 
Accordingly, this study aims to develop an efficient multimodal architecture for real-
time educational content interpretation on mobile and edge devices. Specifically, it 
seeks to model temporally directed and contextually relevant dependencies among 
multimodal educational representations through T-DAG attention, selectively inte-
grate complementary information across modalities and representation layers using 
CMLF, and reduce computational and memory requirements through CCQ-based 
adaptive precision allocation. Finally, the study evaluates the proposed EMCAA 
framework in terms of predictive performance, inference latency, memory consump-
tion, and the contribution of its individual components through ablation analysis.

2	 RELATED WORK

Multimodal artificial intelligence has gained increasing attention in educational 
applications because learning environments generate heterogeneous information 
from visual, textual, audio, and behavioural sources. Existing studies have applied 
deep learning to student engagement detection in e-learning environments [21], 
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multimodal facial cues for engagement recognition [9], and hybrid CNN–ViT archi-
tectures for classroom-based engagement analysis [13]. Self-attention combined with 
3D DenseNet has also demonstrated the value of attention mechanisms for learning 
behavioural representations [12], while stability-oriented multimodal modelling has 
emphasized the importance of reliable prediction beyond peak classification accu-
racy [14]. More broadly, recent reviews confirm the increasing use of heterogeneous 
multimodal data for educational analysis [18].

Recent research has increasingly focused on improving the efficiency, temporal 
modelling, and cross-modal integration of such systems. State-space architectures 
have emerged as computationally efficient alternatives to conventional Transformer-
based models for sequential and visual information processing [5]. Attention-based 
multimodal alignment [10], question-guided cross-modal attention [11], and dynamic 
multimodal attention [15] further demonstrate the value of selectively integrating com-
plementary information across heterogeneous modalities. Within educational appli-
cations, EfficientNetV2 combined with recurrent models has been used for student  
engagement detection, illustrating the benefits of efficient feature extraction and 
temporal modelling [19]. Multimodal AI has also been applied to real-time student 
engagement detection and adaptive feedback [16], while attention-based multimodal 
processing has supported real-time listening comprehension assessment [22].

More recently, causal-aware modelling has emerged as a promising direction 
for multimodal educational analysis [17]. The MC-MIFA framework integrates caus-
al-aware hybrid state-space modelling for robust multimodal student engagement 
analysis [20], indicating the potential value of incorporating structured depen-
dencies into multimodal representations. However, existing approaches generally 
address multimodal fusion, temporal modelling, computational efficiency, or caus-
al-aware representation separately. Limited research has jointly investigated tempo-
rally directed attention, cross-modal layer fusion, and adaptive quantisation within 
a unified architecture designed specifically for resource-constrained mobile and 
edge educational environments.

To address this gap, the present study proposes the Efficient Multimodal Causal 
Attention Architecture (EMCAA). The framework integrates Temporal Directed Acyclic 
Graph (T-DAG) Causal Attention for modelling temporally directed dependencies, 
Cross-Modal Layer Fusion (CMLF) for selective multimodal integration, and Causal 
Context-Aware Quantisation (CCQ) for adaptive precision allocation. This integration 
is designed to improve multimodal educational content interpretation while reduc-
ing inference latency and memory requirements for mobile and edge deployment.

3	 METHODOLOGY

3.1	 Problem formulation

The objective of this study is to develop a multimodal framework capable of inter-
preting educational content in real time while maintaining computational efficiency 
for mobile and edge deployment. Let the multimodal educational input at time (t) be 
represented as

	 X X X X X
t t

s

t

l

t

v

t

c� � �, , , 	 (1)

where ( )X
t

s  denotes speech/audio information, ( )X
t

l  represents lecture transcripts 
or textual content, ( )X

t

v  represents presentation slides and visual information, and 

https://online-journals.org/index.php/i-jim


	 34	 International Journal of Interactive Mobile Technologies (iJIM)	 iJIM | Vol. 20 No. 19 (2026)

Wang and Ullah

( )X
t

c  represents contextual learning interactions. Each modality is transformed into 
a feature representation using an appropriate encoder:
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t

m

m t
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where (Em) denotes the modality-specific feature extraction function and ( )F
t

m  is 
the resulting representation. The objective is to combine these heterogeneous repre-
sentations while preserving their temporal and semantic relationships. Conventional 
multimodal attention can be expressed as
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where Q, K, and V are the query, key, and value matrices, respectively, and d rep-
resents the feature dimensions. However, traditional attention mechanisms could 
allocate computing power to relationships that are not relevant or redundant. In 
education, where knowledge tends to be acquired in a chronological sequence, there 
is an advantage in paying more attention to knowledge that is temporally and caus-
ally related. Hence, the proposed problem formulation is
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where (fq ) represents the proposed EMCAA model and (Gt) represents the tem-
poral directed acyclic graph describing relevant dependencies among multimodal 
educational concepts. The system produces an interpretation output

	 Yt = {Ct, St, Rt}	 (5)

where (Ct) represents extracted educational concepts, (St) denotes contextual 
content summarization, and (Rt) represents the interpreted semantic relationships 
among the input modalities. Let (L) denote inference latency, (M) denote memory 
consumption, and (C) denote computational complexity. The optimisation problem 
can therefore be expressed as

	 maxA Y Y L L M M C C
max max max

( , ) ; ;ˆ ;≤ ≤ ≤ 	  (6)

where (A) represents the interpretation accuracy, while (Lmax), (Mmax), and (Cmax) 
represent the maximum allowable latency, memory, and computational resources of 
the target mobile device. Overall, the optimization objective is to maximize interpre-
tation accuracy while satisfying the latency, memory, and computational constraints 
of the target mobile device.

3.2	 Architecture of the overall framework

The proposed Efficient Multimodal Causal Attention Architecture (EMCAA) 
is designed for real-time educational content interpretation on mobile and edge 
devices. As shown in Figure 1, EMCAA consists of five stages: multimodal input 
acquisition, modality-specific feature extraction, T-DAG Causal Attention, Cross-
Modal Layer Fusion (CMLF), and Causal Context-Aware Quantisation (CCQ).

Speech, lecture transcripts, presentation slides, and learner interactions are first 
transformed into modality-specific feature representations and temporally aligned. 
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T-DAG identifies temporally directed and contextually relevant dependencies, while 
CMLF integrates complementary information across modalities. CCQ then applies 
adaptive precision to reduce memory and computational requirements while pre-
serving important representations. The resulting representation supports key con-
cept extraction, contextual interpretation, and educational content summarisation.

INPUT LAYER

Speech

Transcript

Slides

Interactions

EMCAA PROCESSING

CORE

Feature Extraction →
Synchronization

↓
T-DAG Causal Attention

↓
CMLF Fusion

↓
CCQ Optimization

OUTPUT LAYER

Concept Extraction

Contextual Interpretation

Content Summarization

Personalized Learning

Assistance

￼ Fig. 1. Block diagram of proposed efficient multimodal causal attention

3.3	 Multimodal input processing

The EMCAA model utilises four different educational modes that complement 
each other: speech, lecture notes, slides and contextual learning experiences. Given 
any learning session, the multimodal data can be captured as an array of educa-
tional events:

	 X = {x1, x2, …, xT}	 (7)

where (T) denotes the number of temporal learning segments. Each event con-
tains information from the available modalities:

	 x x x x x
t t
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t

r= ( , , , ) 	 (8)

where (a), (q), (i), and (r) correspond to audio, textual, visual, and interaction 
information, respectively. The quality of an audio segment is evaluated using a nor-
malized representation:
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where (ma) and (sa) represent the mean and standard deviation of the audio fea-
tures, and (e) is a small constant used for numerical stability. The importance of a 
textual token can be represented using a contextual weighting function:

where (k) defines the contextual observation window. The temporal correspon-
dence between two modality events can be expressed through a similarity function:

	 S

t t
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	 (10)

where (ti) and (tj) are the timestamps of two multimodal events and (t) controls 
the temporal tolerance.
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3.4	 Temporal Directed Acyclic Graph (T-DAG) Causal Attention

The Temporal Directed Acyclic Graph (T-DAG) Causal Attention mechanism is the 
central reasoning component of EMCAA. For a sequence of educational representa-
tions, the graph can be represented as

	 G = (V, E)	 (11)

where (V) represents the set of multimodal educational nodes and (E) rep-
resents directed dependency relationships between nodes. For two educational 
nodes (vi) and (vj), a directed relationship is established when the earlier node pro-
vides relevant contextual information for interpreting the later node. The temporal 
dependency strength can be estimated using

	 dij = exp(-g Dtij)	 (12)

where (Dtij) represents the temporal distance between the two educational events 
and (g) controls the rate at which temporal relevance decreases. The attention score 
between two nodes is defined as

	 e
q k

d

d
ij

i j

T

ij
� � � 	 (13)

where (qi) and (kj) denote the query and key representations, (d) is the feature 
dimension, and (b) controls the contribution of temporal dependency. The nor-
malised causal attention weights are calculated as

	 �
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The resulting causal representation is obtained through the weighted aggrega-
tion of relevant multimodal features:

	 h v
i

casual

ij j
� �� 	 (15)

where (vj) represents the value associated with the preceding educational node. 
This representation captures the information that is most relevant for understand-
ing the current concept.

3.5	 Cross-Modal Layer Fusion (CMLF)

The Cross-Modal Layer Fusion (CMLF) paradigm has been created in order to 
enable an efficient merging of the complementary information extracted from 
speech, transcripts, slides, and interactions during learning. Let us denote the causal 
representations created for the four modalities in layer (l) by ( )H

l

a , ( )H
l

q , ( )H
l

i , and 
( )H

l

r . CMLF first evaluates the contribution of each modality using a learned fusion 
coefficient:

	 w
g H

g H
l

m l

m

l

n
�
�

exp( )

exp

( )

( ( ))
	 (16)
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where (g(⋅)) represents a learnable importance function, (M) is the number of 
modalities, and ( )w

l

m  indicates the relative contribution of modality (m) at layer (l). 
The fused representation at each selected layer is then obtained as

	 F w H
l l

m

l

m� � 	 (17)

where (Fl) represents the cross-modal representation generated at layer (l). 
Instead of discarding the information generated at earlier layers, CMLF selectively 
combines representations from different depths:

	 F F
l l

* � � � 	 (18)

where (L) represents the selected fusion layers and (rl) denotes the importance 
assigned to each layer. A residual connection is incorporated to preserve important 
information that may otherwise be weakened during fusion:

	 Hout = F * + Hcasual	 (19)

where (Hcasual) represents the causal representation obtained from the 
T-DAG module.

3.6	 Causal Context-Aware Quantisation (CCQ)

The Causal Context-Aware Quantisation (CCQ) mechanism is introduced to 
reduce the computational and memory requirements of EMCAA during deployment 
on mobile and edge devices. For an intermediate representation (hi), a causal-context 
importance score can be defined as

	 ri = lcci + lf  fi + ltti	 (20)

where (ci) represents causal relevance obtained from the T-DAG module, (fi) rep-
resents cross-modal importance obtained from CMLF, and (ti) represents temporal 
relevance. The coefficients (lc), (lf), and (lt) control the contribution of these factors. 
The quantised representation can be expressed as

	 ˆ ( , )h Q h b
i i i
= 	 (21)

where (Q(⋅)) denotes the quantisation operation and (bi) represents the precision 
level selected according to the importance of (hi). A simple uniform quantisation 
operation can be represented as

	 ĥ round
h z

s
s z

i

i�
��

�
��

�

�
�� � 	 (22)

where (s) is the quantisation scale and (z) represents the zero-point. CCQ differs 
from conventional uniform quantisation because the scale and precision can be 
adjusted according to the contextual importance of the representation. The adaptive 
precision allocation can be represented as
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3.7	 Algorithm for EMCAA for real-time educational content interpretation

Algorithm 1: EMCAA for Real-Time Educational Content Interpretation

Input: Speech (Xa), transcript (Xq), slides (Xi), contextual interactions (Xr) 
Output: Educational concepts (C), interpretation (I), and summary (S)
1. Initialize EMCAA, T-DAG, CMLF, and CCQ parameters.
2. Receive multimodal educational input:
  X = {Xa, Xq, Xi, Xr}
3. Preprocess each modality and extract:
  Fa ← Speech features
  Fq ← Transcript features
  Fi ← Slide features
  Fr ← Interaction features
4. Align all modality features according to their temporal information.
5. Construct the T-DAG:
  FOR each educational representation
   Calculate temporal and semantic dependency.
   IF dependency > threshold THEN
    Create a directed causal connection.
   ELSE
    Ignore the connection.
   END IF
  END FOR
6. Apply T-DAG Causal Attention to assign higher weights
  to causally relevant information and suppress redundant features.
7. Apply CMLF:
  Calculate modality importance.
  IF modality is highly relevant THEN
   Increase its fusion weight.
  ELSE
   Reduce its fusion weight.
  END IF
  Generate the fused multimodal representation.
8. Apply CCQ:
  FOR each fused representation
   Calculate causal-context importance.
   IF importance is high THEN
    Use higher precision.
   ELSE
    Apply lower-precision quantization.
   END IF
   END FOR
9. IF inference latency exceeds the target threshold THEN
  Increase compression of low-importance features.
 ELSE
  Maintain the current configuration.
 END IF
10. Generate:
  C ← Key educational concepts
  I ← Contextual interpretation
  S ← Content summary
11. Return C, I, and S.
12. End Algorithm
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4	 RESULTS AND DISCUSSION

4.1	 Dataset

The Multimodal Student Attention Dataset, publicly available on Kaggle, was 
used to evaluate the proposed EMCAA framework. The dataset contains multimodal 
information related to student attention and learning activities and was organised 
into synchronised learning segments. The data were divided into 70% training, 15% 
validation, and 15% testing sets. The training set was used for model learning, the 
validation set for parameter selection and optimisation, and the testing set for final 
performance evaluation. The same data split was applied to EMCAA and all baseline 
models to ensure consistent comparison.

4.2	 Pre-processing

Each modality was pre-processed separately before temporal alignment. Visual 
frames were resized to 224 × 224 pixels and normalised. Audio signals were normalised 
and segmented into 2-s overlapping windows to preserve temporal information. Lecture 
transcripts were cleaned and limited to a maximum sequence length of 128 tokens. 
A temporal tolerance of 1 s was used to synchronise information across modalities, while 
numerical features were normalised before being processed by the T-DAG module.

4.3	 Experimental setup

The EMCAA framework was implemented using Python and PyTorch. Model 
training employed the Adam optimiser, with a learning rate of (1 × 10-4), a batch size 
of 32, and a maximum of 50 epochs. Early stopping was applied when validation per-
formance showed no improvement for eight consecutive epochs. CCQ assigned 8-bit 
precision to high-importance representations and 4-bit precision to low-importance 
representations. The complete experimental configuration is summarised in Table 1.

Table 1. Experimental configuration

Parameter Setting

Dataset Multimodal Student Attention Dataset

Data source Kaggle

Training/Validation/Testing 70%/15%/15%

Image/frame resolution 224 × 224 pixels

Audio segment duration 2 s

Temporal synchronization tolerance 1 s

Maximum text sequence length 128 tokens

Optimizer Adam

Learning rate (1 × 10-4)

Batch size 32

Maximum training epochs 50

Early stopping patience 8 epochs

High-importance quantization 8-bit

Low-importance quantization 4-bit
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4.4	 Performance evaluation

EMCAA was evaluated using accuracy, precision, recall, F1-score, inference 
latency, and memory consumption. Performance was compared with CNN-
LSTM, 3D-DenseNet-SA, CNN-ViT, EfficientNetV2-RNN, and MC-MIFA. An abla-
tion study was also conducted to assess the individual contributions of T-DAG, 
CMLF, and CCQ.

Overall performance comparison. Table 2 compares EMCAA with the base-
line models. EMCAA achieved the highest performance, with 91.4% accuracy, 91.0% 
precision, 90.8% recall, and 90.9% F1-score. Compared with MC-MIFA, the strongest 
baseline, EMCAA improved accuracy by 1.2 percentage points and F1-score by 1.4 
percentage points, indicating improved predictive performance.

Table 2. Overall performance comparison

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)

CNN-LSTM 84.8 83.9 82.7 83.3

3D-DenseNet-SA 86.7 85.9 85.1 85.5

CNN-ViT 88.5 87.8 87.1 87.4

EfficientNetV2-RNN 89.1 88.6 88.0 88.3

MC-MIFA 90.2 89.7 89.3 89.5

EMCAA 91.4 91.0 90.8 90.9

Computational efficiency. Table 3 compares the computational efficiency of 
EMCAA with the baseline models. EMCAA achieved the lowest inference latency 
(43 ms) and memory consumption (329 MB). Compared with MC-MIFA, this rep-
resents reductions of 24.6% in inference latency and 18.0% in memory consump-
tion, indicating improved efficiency for resource-constrained deployment.

Table 3. Computational efficiency comparison

Model Inference  
Latency (ms)

Memory  
Consumption (MB)

Relative  
Efficiency

CNN-LSTM 82 512 Low

3D-DenseNet-SA 74 478 Low

CNN-ViT 68 451 Moderate

EfficientNetV2-RNN 61 426 Moderate

MC-MIFA 57 401 High

EMCAA 43 329 Very High

Compared with MC-MIFA, EMCAA reduced inference latency from 57 ms to 43 ms 
(24.6%) and memory consumption from 401 MB to 329 MB (18.0%), while improv-
ing accuracy by 1.2 percentage points and F1-score by 1.4 percentage points. These 
results indicate that EMCAA improves computational efficiency without compromis-
ing predictive performance. The decrease in latency is due to selective causal atten-
tion and cross-modal fusion, which minimise any interaction of irrelevant features.  
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The CCQ module also minimises memory usage by decreasing the numerical 
precision of less critical features.

Ablation study. Table 4 indicates an ablation study was carried out to evaluate 
the role of the three core components of EMCAA. It involved comparing the full 
version with versions where either T-DAG, CMLF, or CCQ was left out. Removing 
T-DAG produced the largest decline in accuracy, from 91.4% to 88.9%, indicating its 
importance for predictive performance.

Table 4. Ablation analysis of EMCAA

Model Variant Accuracy (%) F1-Score (%) Latency (ms) Memory (MB)

Without T-DAG 88.9 88.3 51 352

Without CMLF 89.7 89.1 48 341

Without CCQ 90.5 90.0 46 331

Full EMCAA 91.4 90.9 43 329

Figure 2 Removing CMLF reduced accuracy to 89.7%, while removing CCQ 
produced a smaller accuracy reduction of 90.5%. Overall, the ablation results 
show that the three components contribute differently to the performance and 
efficiency of EMCAA.

Fig. 2. Ablation analysis of T-DAG, CMLF, and CCQ
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5	 DISCUSSION

The results demonstrate that EMCAA achieves a favourable balance between 
predictive performance and computational efficiency. The model achieved 91.4% 
accuracy and a 90.9% F1-score, while reducing inference latency and memory con-
sumption relative to the baseline models. The ablation analysis further shows that 
T-DAG contributes most strongly to predictive performance, as its removal produced 
the largest decline in accuracy. CMLF also improved performance by integrating 
complementary multimodal representations, while CCQ supported efficient deploy-
ment through adaptive precision allocation. Overall, the findings suggest that selec-
tively prioritising temporally and contextually relevant representations can improve 
multimodal educational content processing without treating all input information 
equally. This selective processing strategy provides a practical direction for devel-
oping efficient multimodal AI systems for resource-constrained mobile and edge 
learning environments.

6	 CONCLUSION AND FUTURE WORK

This study proposed the Efficient Multimodal Causal Attention Architecture 
(EMCAA) for real-time educational content interpretation on mobile and edge devices. 
EMCAA integrates T-DAG, CMLF, and CCQ to model temporally relevant dependen-
cies, fuse multimodal representations, and reduce deployment overhead. The model 
achieved 91.4% accuracy and a 90.9% F1-score, with an inference latency of 43 ms 
and memory consumption of 329 MB. Compared with MC-MIFA, EMCAA reduced 
latency by 24.6% and memory consumption by 18.0%, while improving accuracy 
by 1.2 percentage points. These findings demonstrate the potential of EMCAA for 
efficient multimodal processing in resource-constrained educational environ-
ments. Future research should evaluate EMCAA using larger and more diverse 
educational datasets, including different subjects, languages, and learning environ-
ments. Additional modalities, such as eye tracking and physiological signals, may 
also be investigated. Further work should explore federated and privacy-preserving  
learning to strengthen secure deployment across mobile and edge devices.

7	 DATA AVAILABILITY STATEMENT

The study used the publicly available Multimodal Student Attention Dataset 
available on Kaggle: https://www.kaggle.com/datasets/colabsss/multimodal-student- 
attention-dataset.
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