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Abstract: Deep learning-based personalized systems of learning English tend to use inputs of
a single modality, like text or speech, which makes it hard to support the multidimensionality
of learner cognition and engagement. Traditional methods often do not take into account
physiological cognitive indicators and interaction behavioural dynamics making them less
adaptable and less interpretable. In order to overcome these shortcomings, this paper suggests
an explainable deep transformer framework to personalize English learning using Multimodal
Cognitive and Behavioural Signals. The framework combines three complementary
modalities, specifically textual-behavioural data, the Adaptive English Learning Interaction
Dataset, which is modelled with the help of ROBERTa, cognitive signals data, the Cognitive
Load EEG Dataset, and speech data, the L2-ARCTIC corpus, which are encoded with the help
of HUBERT. The modalities are converted to contextual embedding independently and then
adapted by a Gated Multimodal Unit (GMU) to fuse modalities. The unified representation is
sent to a classification head to predict the learner's performance, and Integrated Gradients gives
the interpretability of features by modalities. The model was coded in Python in libraries based
on Transformers and trained with cross-entropy loss. Experimental analysis shows good
results, with an accuracy of 93.5, F1-score of 0.92, a macro precision of 0.91, and AUC of
0.92, which is better than unimodal baselines. The suggested framework can help the
intelligent tutoring system, the educator, and the learners because it facilitates a clear and data-
driven personalization accommodating cognitive load, pronunciation fluency, and engagement
behaviour, improving the effectiveness of adaptive learning and pedagogical trust.

Keywords: Behaviour Signals; Deep Transformer; English Learning; Multimodal Fusion;
Temporal Fusion Transformer
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l. INTRODUCTION

The English language learning is becoming increasingly transformed by artificial
intelligence with the assistance of chatbots, adaptive learning applications, and natural language
processing systems that provide instant feedback and customized instructions. Despite the use
of Al in the acquisition of speaking, listening, and writing skills, various challenges have been
identified, including cultural limitations, privacy, disparities, and overreliance on technology
[1]. Deep learning in language learning involves interrelated competencies like learner
motivation, engagement, strategic learning procedures, and directional capabilities. The
dimensions in the context of the online English as a Foreign Language (EFL) context should be
understood so as to evaluate significant learning processes. Validated models of measurement
also focus on the application of credible measurement models in estimating and promoting
higher-order cognitive development in the context of digital language learning [2]. The use of
Artificial Intelligence in English language learning is transforming it because it enables low-
achieving students across different levels to study in a personalized and performance-oriented
manner. Intelligent feedback and practice are offered by Al using Natural Language Processing
(NLP), machine learning, speech recognition and intelligent tutoring systems. However, the
ethical concerns, data security, inequality in access, and preparedness of teachers are also
significant issues [3].

The approach to teaching English speaking offers a theoretical framework of creating a
successful teaching plan based on visual, auditory, and contextual tools according to the
multimodal discourse analysis. Multimodal teaching improves communicative reality, sensory
communication, and motivation of learners in the classroom at the elementary level. Higher-
order evaluation tools, such as fuzzy measures and speech recognition models, help with
effective evaluation of the performance at the phoneme level of speaking [4]. The ability to
speak English requires proper pronunciation and effective assessment tools. Conventional
speech extraction algorithms are usually complicated and have poor representation ability,
which decreases scoring. The multimodal fusion methods involving audio and visual
information, more sophisticated sequence modelling, and matching algorithms provide better
speech error detection and more realistic pronunciation evaluation [5]. E learning platform has
become an important educational resource, which helps in the interactive and adaptive learning
settings. This platform supplements the primary education by making use of multimedia
content, quizzes, and virtual tools that supplement classroom teaching. It allows individualized
learning strategies, follows the academic progress and emotional conditions, and promotes
multilingual and multimodal communication. The performance can be tracked by teachers and
parents, and engagement, motivation, and individualized learning outcomes can be enhanced
with the help of adaptive quizzes and avatar-based interfaces [6].

In order to overcome these shortcomings, the proposed study is an Explainable Deep
Transformer Framework of Personalized English Learning based on Multimodal Cognitive and
Behavioral Signals. The model combines a ROBERTa-based text encoder to model the writing
proficiency and semantic coherence, a HUBERT-based speech encoder to model the
pronunciation and fluency representation, and a Temporal Fusion Transformer to model the
sequential engagement patterns of behaviour. Such modality-specific embeddings are
dynamically combined with a GMU, and they are capable of dynamically weighting the capital
of cognitive and behavioural inputs. The Integrated Gradients is used to increase the level of
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interpretability by measuring the contribution of features in a single mode or across multiple
modalities. The envisioned architecture will facilitate fine-grained representation of the
learners, personalization under adaptive conditions and transparent decision support in
intelligent English learning systems.

A. Research Motivation

The explainable artificial intelligence methods contribute to transparency and cognitive
interpretability, attributing the predictions to particular audio and textual features [7].
Traditional image-based classification models are usually sensitive to noise in the background,
and also do not offer much interpretability, which can be used in practical communication
support applications in the real world [8]. The growing susceptibility of high-performing text
classifiers to fine-scale adversarial examples highlights the need for transparent systems that
reveal model sensitivities and decision boundaries. It is possible to use attribution-based
explainability techniques to systematically identify influential tokens, which makes it possible
to detect adversarial attacks without changing model architectures or training processes [9]. A
combination of deep learning methods in evaluation systems would allow for stronger
modelling of nonlinear relationships between the variables of education [10]. The feature
extraction through deep learning offers a powerful system of modelling the nonlinear
relationships and converting heterogeneous inputs into unified representations.

B. Research Significance

The suggested architecture brings intelligent English learning to the next level, filling the
gap between cognitive performance modelling and behavioural analytics in a single
Transformer-based platform. The system, with the combination of text, speech, and time
elements of engagement, helps to record multidimensional representations of learners that are
more representative of the educational interactions in the real world. With an integrated Gated
Multimodal Unit, adaptive modality weighting becomes possible, which allows a fine-grained
personalization of a variety of different learner profiles. Moreover, the application of Integrated
Gradients provides better model transparency, enabling to provide comprehensible feedback
and reliable decisions. The work will help to develop the next generation of explainable
educational Al systems that will balance predictive performance and accountability to students
through educational practice, thus contributing to scalable, data-driven, and ethically
responsible personalized learning locations.

C. Problem Statement

The current music mood recognition models have difficulty correctly representing
emotional content because of the shortcomings of traditional deep learning models and
inadequate feature capture of multi-dimensional audio signals. There is a need for a more
powerful framework of transformer-based learning that can be developed, which will be able
to learn high-level acoustic representations and enhance the performance of mood classification
in a variety of categories [11]. The existing speech recognition technology applied in English
language learning is struggling with the ability to extract and segment meaningful features of
spoken information, resulting in increased transcription errors and decreased customization.
The traditional models can be easily incapable of modelling temporal dependencies. To ensure
that a learner can be provided with effective feedback, a deep learning architecture that is a
hybrid should be developed to improve recognition accuracy and reduce word error rate [12].
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The currently available English language learner assessment schemes are either based on black
box deep models that are not very interpretable or rule-based schemes with low predictive
ability. A severe lack exists in the unification of explainable rule mining with sophisticated
transformer designs to create dependable and understandable proficiency quantification of
structured and unstructured student information [13]. To overcome these limitations, a
transformer-based model is implemented, all the encoders are fused using GMU, and further,
predictions are explained using IG.

D. Research Contributions
The proposed model includes the following contributions:

e Presents a multimodal model (Transformer-based) for personalized learning of English by
means of combining text, speech, and behavioural cues.

o Presents modality-specific Transformer encoders, such as ROBERTa to textual proficiency
modelling, SCTT to EEG cognitive signal processing and HUBERT to speech pronunciation
and fluency representation.

e Uses a Gated Multimodal Unit that allows adapting the weights of modality and dynamic
fusion of features.

e The use of Integrated Gradients is included to offer interpretable cross-modal attribution
analysis.

E. Rest of the section

Section Il includes the related work of various authors based on transformer, deep learning
and multimodal fusion and their works. Section Il introduces the proposed explainable deep
transformer framework for personalized English learning using multimodal fusion. Section IV
presents the results and discussions, followed by the conclusion and future scope in Section V.

II. RELATED WORKS

Sun [11] suggested an analysis that works on the creation of a feature-centric deep learning
framework of music mood recognition, classifying the emotional substance of music by means
of transformer-based and mainstream neural designs. The overall concept of the author is to
use artificial intelligence to detect moods to maintain applications like recommendations and
emotional intelligence systems. This strategy is based on transformer-based Al HUBERT
architecture, ConvFormer, LSTM, and the pretrained YAMNet to be evaluated comparatively.
All the models operate in order to train patterns between extracted features and emotion labels,
and HUBERT incorporates the use of contextualized audio representations to enhance the
performance of classification. Findings indicate that HUBERT has the best accuracy, which is
better than other methods. However, the datasets are small, features are hand-crafted, which
can be subject to bias and the evaluation is carried out based on a mere split, which can reduce
generalization.

Orosoo et al. [12] developed a more modern speech recognition-based framework of
personalized English language learning, which combines both a multilayer perceptron and a
long short-term memory network in enhancing transcription accuracy. The main concept is to
improve the online English learning websites: to properly translate the spoken language into
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the written one and overcome the constraints of multimodal feature extraction and
segmentation that were outlined by previous NLP studies. The approach integrates both MLP
to extract discriminative acoustic features and LSTM to model temporal patterns of speech
sequence, thus making it possible to identify continuous spoken language. The role of this
hybrid MLP LSTM architecture is to represent nonlinear features as well as sequential
patterns; thus, it minimizes transcription errors and enhances learning feedback. The system
is implemented in Python, and its Word Error is 0.075 with an overall accuracy rate of 98.25%,
which is higher than commercial speech-based learning applications. Disadvantages however,
include little discussion on dataset scale, may over- fit since very high accuracy, and may not
be tested over a wide range of different accents and in noisy real-world conditions.

Zhao [13] proposed a hybrid deep learning and fuzzy logic model of feature-based
evaluation of English language learners, which merges interpretability and high predictive
accuracy. The key concept is to combine the rule-based reasoning with the fuzzy logic with
high-end transformer-based representation learning to develop a complete proficiency
assessment framework. It implements a DBML framework of DeBERTa as the backbone
transformer to extract contextual textual embeddings, metadata features reflecting
demographic and cognitive attributes and LSTM layers to provide a temporal model and
integrate dense features. The role of this hybrid structure is to process unstructured textual
responses along with structured behaviour data jointly, to project proficiency in language and
retain interpretability by fuzzy rule mining. Findings demonstrate higher performance with the
highest accuracy of 93% over traditional machine learning and standalone transformer
baselines, and are statistically validated and explainable Al methods, including SHAP and
DeepSHAP. Nonetheless, its possible disadvantages are complexity of architecture, computing
cost and reliance on high-quality metadata to maintain consistent performance with mixed
populations of learners.

Fan [14] suggested integrating STEAM philosophy and deep learning to develop
personalized high school English course materials that stimulate interdisciplinary learning and
innovation. The essence is to use Transformer based framework to automatically produce and
deliver instructional content in English and in accordance with the themes of science,
technology, engineering, arts, and mathematics. The process is based on an encoder-decoder
Transformer architecture, which has been trained on a pre-processed dataset of 300 high school
students and is optimized using the Adam optimizer. The role of the model is to acquire
semantic and contextual representations of STEAM-integrated English material and produce
accurate, versatile, and pedagogically significant teaching resources with varying goals.
Experimental findings showed better results with an overall accuracy of 0.87 and higher results
in grammatical accuracy, vocabulary relevance, and cultural sensitivity than the baseline
models. The disadvantages, however, are that it relies on computational resources and is not
scalable in resource-limited learning settings.

Chenetal. [15] introduced a multimodal deep learning system to learn legal English, which
combines visual, text, and speech as auxiliary information to improve intelligent education
systems, to develop a cross modal legal English question answering system that would be able
to perform detailed reasoning tasks that involves image, text, and acoustic sensor data in an
integrated vision language speech encoding system through dynamic attention modelling. It
uses multimodal fusion and attention-based representation learning, which merge
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heterogeneous features and enhance semantic knowledge in legal settings. The experimental
findings indicate high accuracy or performance with an accuracy of 0.87, a precision of 0.88,
a recall of 0.85, and high satisfaction of the learners. But the disadvantages can be the
complexity of the system, the reliance on the quality of sensors, and the possible difficulty of
scaling such systems to various legal education settings.

Zeng [16] proposed a behavioural pattern of business English learners analyzed through
deep learning to predict their performance and optimize personal learning. The point is to
simulate not only the characteristic features of stillness but also the time behaviour of studying
to reveal the significant learning patterns and enhance the educational performance. The
approach combines Convolutional Neural Networks to learn spatial or fixed behavioural
features with Recurrent Neural Networks to learn sequential and time-varying learning
processes to create a hybrid architecture. The purpose of such a CNN RNN model is not only
to find out correlations among study habits and academic performance but also to allow
changing the learning paths dynamically and providing real-time suggestions. The findings
indicate that deep learning is an efficient tool to forecast learner performance and increase
interactivity with intelligent systems of education. But there are disadvantages, such as the
lack of information on the scale of the datasets, the risk of overfitting the behavioural models,
and the inability to generalize the results to the whole learner population and institutional
setting.

TABLE I. RELATED WORKS OF AUTHORS AND THEIR LIMITATIONS
Author Methods Used Advantages Limitations
Sun [11] HUBERT, High accuracy 95%, | Small dataset, simple
ConvFormer, strong audio | split, limited
LSTM, YAMNet, | modelling generalization
STFT, MFCC

Orosoo et al. [12] | MLP for features, | Very low WER 0.075, | Accent diversity
LSTM for sequence | high accuracy 98.25% | unclear, dataset size

not detailed
Zhao [13] DeBERTa, High accuracy 93%, | Model complexity,
Metadata, LSTM, | explainable results heavy computation

Fuzzy logic, SHAP
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Fan [14] Transformer Good content | High resource need,
encoder-decoder, generation, strong | limited scalability
Adam optimizer accuracy 0.87

Chen et al. [15] Vision  language | Strong multimodal | Complex  system,
speech encoder, | QA, high user | sensor dependency
dynamic attention | satisfaction

Zeng [16] CNN plus RNN | Captures  behaviour | Limited dataset
hybrid patterns, supports | detail, possible
personalization overfitting

TABLE | gives a comparative overview of available literature in the proposed study. It
brings out major contributions of different authors, the methodologies used, the key benefits
realized and the limitations realized.

I1l.  PROPOSED FRAMEWORK FOR PERSONALIZED ENGLISH LEARNING THROUGH
MULTIMODAL COGNITIVE AND BEHAVIOURAL SIGNALS

The proposed framework works with the multimodal inputs of the learners, including EEG-
based cognitive features, speech records and behavioural interaction logs, that are
independently coded by specific Transformer-based encoders. EEG cognitive representations
are represented in a multi-head self-attention Transformer to describe inter-feature
relationships between spectral and biometric signals. Speech inputs are coded with HUBERT
that makes use of Transformer layers to extract contextualized pronunciation and fluency
representations. Interaction sequences through behavioural representations are learned through
a Transformer encoder to gain temporal engagement patterns. The resulting modality-specific
embeddings are then projected to a common latent space and combined dynamically by a
GMU, which dynamically learns to apply weights of importance to cognitive and behavioural
signals. The fused data is sent to a prediction head, where it gets learner proficiency of
engagement classified. Finally, Integrated Gradients is used to calculate feature-level
attributions, which can be transparently interpreted as the impact of multimodal attributions
on model decisions.

Fig. 1 shows a multi-stage processing pipeline, with three independent streams of inputs:
EEG-based cognitive signals, speech recordings of the L2-ARCTIC corpus, and textual or
interaction-based data of the Adaptive English Learning dataset. The modalities are then
initially processed in the specific way prescribed by the nature of their signal; EEG modalities
are standardized, speech modalities have their waveforms normalized, and text modalities are
tokenized. The modality-specific Transformer-based encoders are followed by the pre-
processed data, ROBERTa for extracting contextual semantic representations of text, the SCTT
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models to inter-feature relationship in EEG cognitive signals and HUBERT to generate

contextualized acoustic embeddings of speech.
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Fig.1.  Block Diagram of the
Proposed Model

A. Data Collection and Data
Preprocessing.

Three publicly  available
datasets were used to facilitate
multimodal modelling of cognitive
and behavioural indicators of
individualized English learning and
reflect  physiological  cognition
(EEG), linguistic speech
proficiency, and learning
interactions. The datasets were
chosen in a manner that supports
diversity of the types of signals and
still makes them compatible with
Transformer-based encoding
architectures. To follow the
principles of reproducibility and
transparency, data collection was
conducted through publicly
available research repositories. They
are standardized and pre-processed
using modal-specific preprocessing
that was based on structural
characteristics, such as
normalization, noise reduction,
sequence structuring, and feature
scaling. These preprocessing steps

provide stability of the numbers, minimize bias due to variance, and normalize the
representation of features so that they can later be combined in a multimodal way.

1) Adaptive English Learning Interaction Dataset

The Adaptive English Learning Interaction Dataset was obtained from the publicly
available Kaggle dataset, containing records of learners’ engagement and performance within
a personalized English learning environment [17]. The dataset includes demographic
characteristics of the learners, the engagement variables of the learner per session and the
assessment scores of the skills like vocabulary, grammar, and reading and the overall

performance label.

Before the modelling, an ordinal encoding was used to encode categorical variables like
proficiency level and session identifiers in order to make them numerical. Continuous
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variables like frequency of engagement, response time and assessment scores have been
normalized by the use of min-max scaling, as in (1).
1 — X~ Xmin
= Xmax ~Xmin (1)
Where, x is the original feature value, xpi,and x,..denote the minimum and maximum
values of the feature within the dataset, and x'is the normalized output. This transformation
ensures stable training of the behavioural Transformer encoder.

2) Cognitive Load EEG Dataset

The article used to retrieve the Cognitive Load EEG Dataset of English Reading was found
on an academic data repository, which is open-access [18]. It includes features of spectral
power derived by EEG in Delta, Theta, Alpha, Beta, and Gamma frequency bands, mental
effort scores, signal entropy measurements, heart rate variability, and pupil dilation. The
sample population was composed of 124 college students who completed reading
comprehension tests using English and annotated each reading segment based on the levels of
cognitive load (Low, Medium, High).

EEG spectral features and biometric indicators were standardized to remove inter-feature
scale disparities using z-score normalization:
g =2H @)

g

where xis the original feature value, u is the dataset mean, ois the standard deviation, and
z is the standardized output.

3) L2-ARCTIC Speech Dataset

L2-ARCTIC corpus was acquired based on an open research speech database of speech
records made by non-native English speakers and annotated phonetic alignment, from Kaggle
datasets [19]. The sample has speakers of various linguistic backgrounds reading passages in
controlled English that allows for examining the accuracy of pronunciation and the variability
of fluency. Its organized phonetic correspondence is beneficial in elaborate acoustic modelling
in the study of language learning.

The entire recording of the speech was resampled back to 16kHz at 16 bits to have a
consistent sampling of the speech. Normalization of amplitude was done to minimize the
variation between recording sessions. Through amplitude-based thresholding, silence
trimming was done, as in (3).

(0, Ixl<T
£ {xt' I xt |2 T

@)

Where, x,denotes waveform amplitude at time t, and trepresents the silence threshold. The
cleaned waveform signals were directly input into the HUBERT encoder for contextual
acoustic representation extraction.

B. Proposed Multimodal Transformer Architecture

In this section, the modality-specific Transformer encoders of behavioural-textual signals,
physiological cognitive signals and speech-based linguistic signals are described.
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Fig. 2. Proposed Transformer
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@ contextual representations.

_ Transformer encoders are used in

Output Embeddings the proposed framework in all

modalities to learn the semantic
relationships in text (ROBERTa), inter-feature relations in EEG cognitive signals (self-
attention Transformer), and contextual acoustic patterns in speech (HUBERT). Through
attention-based feature interaction, the transformer architecture provides consistent and high-
capacity representation learning across the diverse cognitive and behavioural inputs, which are
the main pillars of a multimodal learning system.

1) Adaptive English Learning (Textual-Behavioural Signals) using RoBERTa

ROBERTA4, a highly optimized Transformer encoder architecture that is founded on multi-
head self-attention, is used to model the textual constituents of the Adaptive English Learning
dataset. ROBERTa eliminates the next-sentence prediction and uses dynamic masking during
pretraining, resulting in better representation of contextual language [20].

The input sequence is given in (4) and token embeddings, as in (5).

) Xn} )

Ei — E?Oken +Eposition (5)
2 i

X = {xl, X,y eun

Where, x; is the i token Ef°*¢™is the token embedding and EP**"***"is the positional
encoding. ROBERTa uses multi-head self-attention, as in (6) and (7). The contextualized
output embedding is given as in (8).
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T

Attention(Q, K, V) = softmax (QL> % (6)
Ve

Q = XWy, K = XWy,V = XW, ©)

E, = RoBERTa(X) ®)

These embedding captures semantic coherence, syntactic structure, and language
proficiency patterns.

2) Cognitive Load EEG Dataset using SCTT for Time-Series)

In the application of EEG-based cognitive modelling, the SCTT is used. This architecture
directly runs multi-head self-attention on structured multivariate EEG feature vectors,
allowing the modelling of multi-spectral band and biometric inter-feature dependencies.

The SCTT uses EEG features, which are based on the conversion of pre-processed
cognitive signals to structured spectral representations. Once bandpass filtered and segmented,
wavelet or spectral decomposition is used to extract band power features (theta, alpha, beta
and gamma) of individual channels at individual time windows [21]. The model subsequently
uses two types of self-attention: a temporal attention that characterizes changing patterns of
cognitive load across time, and channel attention that characterizes the relationships between
electrodes and the dependence between space.

Each EEG segment is represented as:

C ={cy, ¢z, ., Cm},ci ER €)]
Z=CW (10)

Where, c; is an EEG feature, and m is the number of EEG features, C is the input EEG
feature matrix and Wis the learnable projection matrix. Multi-head attention is computed as in
equations (11),(12) and (13).

MHA(X) = Concat(heady, ..., heady, )W,  (11)

head; = Attention(Q;, K;,V;) (12)

E. = SCTT(C) (13)

Where, E. is the cognitive embeddings. This representation captures dominant EEG
frequency interactions and cognitive load indicators.

3) HUBERT-based L2-ARCTIC Speech Modelling
Encoder Overview The HuUBERT (Hidden-Unit BERT), a Transformer-based self-
supervised speech representation model, is used to process speech signals of the L2-ARCTIC
corpus. HUBERT is a convolutional feature extractor [22] in combination with Transformer
encoder layers, given in equations (14) and (15).
Z = CNN(Xquaio) (14)
Eg = Transformer(Z) (15)

Where, E; is the speech embedding, Z represents the projected feature representation, and
X quaio 1S the raw speech waveform.
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C. Multimodal Fusion mechanism.

Once modality-specific embeddings are obtained with the help of RoBERTa (textual
behavioural signals), the EEG Transformer encoder (physiological cognitive signals), and
HUBERT (speech-based linguistic signals), the following step will be to combine these
heterogeneous representations into a single learner profile. As the encoder produces a high-
dimensional contextual embedding capturing a different dimension of the learning
performance, there is a need to have a fusion mechanism through which the encoders can be
combined in a meaningful and adaptive way. The gating vector is computed as in (16).

g = o(Wy[E¢; Ec; Es] + by) (16)

Where, W, € R¥*3%, b, € R?, and o(-)is the sigmoid activation function. The final fused
representation is obtained through adaptive weighting as in (17).

H=g.OE +g. OFE. +g; OE 17)

Where,g;, g., gsrepresent modality-specific gate componentsand © denotes element-wise
multiplication. This mechanism enables dynamic prioritization of cognitive or behavioural
signals depending on the learner's state.

A GMU is used to accomplish this, as it is intended to get to know the extent of the
importance to assign to each modality as it changes with training. These weights are limited
between 0 and 1 with the help of a sigmoid activation, which allows the model to focus on the
prominent signals and downplay less informative ones. The last fused representation is
calculated as a weighted average of the projected modality embeddings [23]. This adaptive
weighting approach enables the model to customize decisions based on the cognitive load the
learner is experiencing, the quality of the pronunciation and the behaviour that the learner is
using now, thus facilitating a strong multimodal integration.

D. Optimization Strategy and Prediction Layer.

The combined multimodal representation is sent to a fully connected classification head
that will forecast the category of performance of the learner. The classification head comprises
a sequence of dense layers, then a SoftMax activation function, which generates a probability
distribution over the specified output classes. The most likely label is the one that is predicted.
The cross-entropy loss function is used to model optimization, and this will assess the
difference between predicted probabilities and actual class labels. All model parameters, such
as the ones of the modality-specific encoders, fusion module, and classification head, are
jointly optimized during training using backpropagation. It uses the Adam optimizer because
it has adaptive learning rate characteristics and is stable when training deep Transformer
architectures. Mini-batch training is used to enhance the stability of the convergence and
computational efficiency. Regularization methods like dropout and early stopping are also
implemented to address the issue of overfitting since the architecture is multimodal. The fused
representation H € R%is passed through a fully connected classification head defined as in
(18).

y = Softmax(W,H + b,) (18)

I
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Where, W, € R¥*4 b, € R¥, and kdenotes the number of target classes (e.g., proficiency
levels). The predicted output yrepresents the probability distribution over class labels. Model
parameters are optimized using the cross-entropy loss function as in (19).

L=-Y yilog(®) (19)

Where, y;is the ground-truth label and y;is the predicted probability for the class i.
Training is conducted using mini-batch gradient descent with the Adam optimizer, and
backpropagation updates all encoder, fusion, and classification parameters jointly to minimize

E. Explainable Artificial Intelligence Mechanism.

Since the application context in education is educational, interpretability is required to
provide pedagogical transparency and credibility. Integrated Gradients (IG) is used as an
attribution method to give explanations of model predictions. Integrated Gradients calculates
the contribution of each input feature by calculating the changes in the prediction of the model
when the input changes through a baseline reference point to the real data point. IG uses
simpler gradient accumulation, unlike simple gradient methods, producing more reliable and
stable attribution scores. In the case of textual inputs, IG identifies influential tokens that have
the greatest contribution to the predicted learner state.

In the case of EEG characteristics, it determines predominant spectral bands or biometric
indicators of changes in cognitive load. In the case of speech signals, attribution maps are used
to show which acoustic frames or segments of pronunciation were used to make the final
decision. The interpretability framework allows instructors and learners to know why a
specific level of proficiency or engagement was anticipated by offering modality-specific
importance scores. This makes the model transparent, facilitates actionable feedback, and
makes the use of Al-driven personalized learning systems more ethical. Integrated Gradients
(IG) is applied to quantify feature-level contributions across modalities. For an input xand a
baseline input x', the attribution for the i-th feature is computed as in (20).

1 ! !
1600 = (= ) | LEHE=D g (a0)
0 L
Where, F(-) denotes the prediction function, x;is the input feature, and a € [0,1]is the
interpolation coefficient.

Algorithm 1: Explainable Deep Transformer for Personalized English Learning Algorithm

Initialize ROBERTa encoder parameters 6,
Initialize EEG Transformer (SCTT) parameters 6,
Initialize HUBERT encoder parameters 6,
Initialize GMU fusion parameters 8¢

Initialize classification head parameters 6,

Set learning rate n

Set the number of epochs E

Load datasets:

Adaptive English Learning dataset

1 —
RJOE JOURNAL 150


http://www.rjoe.org.in/

RESEARCH JOURNAL OF ENGLISH (RJOE)
www.rjoe.org.in | Oray’s Publications | ISSN: 2456-2696
An International Approved Peer-Reviewed and Refereed English Journal
Impact Factor: 8.373 (SJIF) | Vol. 11, Issue 2 (April/May&June;2026)

EEG Cognitive Load dataset
L2-ARCTIC speech dataset
Compute
Normalize behavioural features
Standardize EEG features
Resample and clean speech waveforms
Tokenize textual inputs using ROBERTa tokenizer
While (epoch < E) do
For each mini-batch B in the training data, do
Compute textual embedding
Et = ROBERTa(Xtext)
Compute EEG cognitive embedding:
E. = SCTT(Xgkc)
Compute speech embedding:
Eg = HUBERT (Xgy4i0)
Compute gating weights:
g = o(Wy[Ey; Ec; Es] + by)
Fuse embeddings:
H=g.E +gcEc + gs_Es_
Compute output probabilities:
¥y = Softmax(W,H + b,)
Compute cross-entropy loss:
L= —=ylog(y)
Compute gradients:
VoL
Update parameters:
0 =60 —nVeLl
End For
End While
For each test sample, do
Compute prediction y
Compute Integrated Gradients attribution:

1
16,(0) = (v~ %)) j e

End

Algorithm 1 describes the proposed framework to allow multimodal learning and
explainability to be effective. Use of RoBERTa, which is a Transformer-based language
model, is used to produce contextualized textual and behavioural inputs as embeddings with
the help of multi-head self-attention to extract the semantic dependencies. In the case of
cognitive modelling, an encoder is an SCTT that works with both spectral and biometric
features derived from EEG data and learns cross-feature interaction through attention
processes that have been optimized on structured time-series data.
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The SoftMax-based classification head is used to obtain the final prediction, which is
optimized with the cross-entropy loss and trained with the Adam optimization algorithm. Also,
IG is implemented as an explainability algorithm to compute feature-level attribution scores,
which result in transparent and comprehensible model decisions in the cognitive, linguistic,
and behavioural domains.

IV. RESULTS AND DISCUSSION

The proposed Explainable Deep Transformer Framework was tested to determine its
potential to predict multimodal cognitive and behavioural signals to individually tailor
learning English. The model combines RoBERTa to represent text, a Self-Contained
Transformer to model EEG-based cognitive, and HUBERT to encode speech-based language,
a GMU fusion and explainability of the results by Integrated Gradients. Experimental
assessment indicates that multimodal integration is highly rated to predict performance as
opposed to unimodal baselines. The adaptive fusion process leads to a successful trade-off
between cognitive, behavioural, and speech signal contributions, and superior classification
strength and cross-fold generalization.

TABLEI.  SIMULATION PARAMETERS
Parameters Value

Adaptive English Learning

Datasets Intera_cftion Dataset,
Cognitive Load EEG Dataset,
L2-ARCTIC

0s Windows 11

Tools Python version 3.10, PyTorch

Optimizer Adam

Learning Rate le-4

Batch Size 16

Number of Epochs 50

Hidden Dimension (d) 768

Number of Attention | 8

Heads

Dropout Rate 0.3

Loss Function Cross-Entropy

Activation Function SoftMax

Fusion Mechanism GMU

Explainability Integrated Gradients
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TABLE Il shows the simulation parameters, adjusted in a way to achieve stable
optimization and efficient convergence of the proposed multimodal Transformer framework.
The Adam optimizer was used with a learning rate of 1 x10™ to train the model, and it updates
the gradient adaptively to deep Transformer models. The batch size of 16 was chosen because
it is reasonable to balance the computational efficiency and stable gradients, and to train 50
epochs with early stopping to avoid overfitting. Multi-class classification was done using
cross-entropy loss, and SoftMax activation was used at the last prediction layer. Experiments
were all conducted using PyTorch, utilizing a graphics card in order to achieve fast training
and reproducibility.

A. Data Preprocessing Results

Preprocessing was found to enhance the consistency and stability of convergence and
performance of models. Minimizing variance-related gradient instability was achieved by
behavioural features that were normalized based on minmax. EEG was standardized to provide
equal contribution of spectral bands and biometric characteristics. Z-score normalization
brought EEG spectral features to zero with unit variance, scale imbalance was mitigated, and
Transformer-based attention modelling was more stable, as in Fig. 3.

Fig. 3. EEG Feature
Before and After
Normalization

EEG-Before Normalization EEG-After Normalization

100 4 100 )
Fig. 3 shows the

distribution of features after
preprocessing had lower skew
80 - 80 and better inter-feature
correlation. The correlation
matrix analysis revealed that
normalized EEG beta and
gamma bands had a moderate
correlation with the label of
cognitive loads, and
engagement measures had a
high correlation with end
performance classes. Correct
preprocessing was also used to
help achieve faster
convergence and less
overfitting in training.
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Confusion Matrix
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Fig. 4. Confusion Matrix of the
Proposed Model

Fig. 4 shows the analysis of the
confusion matrix of the suggested
multimodal Transformer model is
a comprehensive overview of the
prediction performance of the
different classes based on the level
of proficiency of the learners. The
matrix shows that the true positives
are high around the diagonal,
which means that most of the
samples were correctly identified
in their particular performance
levels. Most misclassifications
were mainly found in between
neighbouring classes. The equal

distribution of the true positives among all classes proves that the model is not characterized
by strong class bias. On the whole, the confusion matrix proves that the Gated Multimodal
Unit is helpful in integrating cross-modal information, which leads to a better discriminative
power and the accurate prediction of the performance of a learner.

1.0

Feature Correlation Heatmap

delta

Theta { -

alpha 4 -0.39 0.00 0.44 0.36

0.2

Beta 1 0.22 -0.16

gamma . -0.38

complementary information.

0.0

delta
Theta -
alpha -
Beta -
gamma

Fig.5.  Heatmap Analysis of
correlation.

The correlation heatmap
analysis, as in Fig.5, showed that
there were certain cross-modem
relationships. EEG beta-band power
had moderate positive relations with
high cognitive load classifications.
The intensity of behavioural
engagement  was  significantly
related to high  proficiency
predictions. The results of the
speech fluency embeddings showed
a lot of power in separating medium
and high proficiency groups. The
heatmap validates the fact that
multimodal integration does not
imply overlapping patterns but
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. Fig.6. ROC Curve of Proposed
ROC Curve Model

The ROC curve showed good
class separability, the Area Under
Curve (AUC) is 0.92, and the
discrimination ability between the
proficiency levels was strong. The
proposed framework experienced a
higher rate of true positives
compared with the baseline models
while having low false positives,
which validated a successful
decision boundary learning.

Fig. 6 shows that the proposed
multimodal Transformer
framework has a high
discriminative ability in
comparison  with  traditional
models. The ROC curve shows
that there is a good balance
between the true positive rate and

True Positive Rate

02 /. — |[STM | false positive rate on the variations
/s of classification thresholds, which

d GRU means that the model is sensitive

e — MU and generates no false alarms. The

004 ¥ effectiveness ~ of  adaptive

| | | | | | multimodal fusion in putting
boundaries to decisions and
00 02 04 06 08 L0 having confidence in predictions
False Positive Rate can be realized in such a

performance.

The score of the Dice is between 0 and 1, with 1 being a perfect agreement and 0 showing
zero overlap. The Dice coefficient is particularly effective in classification tasks like cognitive
load identification using EEG signals, where there is a class imbalance, and the interest is in
the correctly predicted positive samples. Dice score of 0.89 gives a stronger measure of model
performance in comparison with that of accuracy, by directly measuring the extent of overlap
between predicted and actual distributions of classes. The Dice coefficient of 0.87 is a strong
indication of high overlap between the predicted and actual class distributions, especially in
an imbalanced multi-class context.

Fig. 7. loU Plots

Fig. 7 explains the loU, which offers a quantitative explanation of how much there is a
commonality between the prediction and when ground truth labelling classifies a particular
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object. When applied to the context of classification, the intersection is equal to the count of
true positive (TP) cases: samples that are rightfully predicted as being in a certain class. It
signifies the area of similarity between the predicted labels that are predicted and the true ones.

The union, however, contains all the samples which are predicted or belong to the class in
a mathematical sense, TP +FP +FN, where FP means false positives, and FN means false
negatives. The higher the intersection compared to the union, the higher the predictive
alignment, the less misclassification and the greater model reliability. The large overlap of
predicted and actual categories of learner performance in this work indicates the success of the
multimodal Transformer architecture in modelling cognitive and behavioural patterns
effectively.

B. Multimodal Fusion Results

In order to gauge the adaptive behaviour of the GMU, the learned gating weights of the
textual modalities were compared among the test set. The GMU actively gives each modality
a weight in the range of 0 to 1 according to the fused embedding situation. The average gating
weights indicate the total contributions made by each modality to final predictions, whereas
the class-wise analysis indicates a variation in modality importance based on the state of a
learner.

The analysis offers empirical support to the observation that the fusion mechanism is not
fundamentally uniform when handling modalities, and to the contrary, it becomes adaptive in
line with cognitive load, patterns of engagement, and quality of pronunciation. To further
examine the adaptive fusion behaviour, gating weights were examined by the predicted
classes, as in Fig. 8.

Average GMU Weight Distribution Fig.8. GMU Distribution

Fig. 8 suggests that the EEG
gate is high and more so than the
0.8 1 textual and speech gates during the
prediction of high cognitive load.
On the other hand, the
behavioural/text gate is more
prominent when the engagement
or poor behavioural states are low.
These dynamics indeed affirm that
the GMU mechanism is successful
in prioritizing modality-specific
data that is pertinent to the
predicted state of the learner,
which is an expression of adaptive
multimodal integration.
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C. Explanability Results

Top Contributing EEG Features (IG)
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Fig.9. Explainability using IG

Fig. 9 explains IG, which is
used to estimate the influence of
features at the level of modalities.
Attribution analysis showed that
high cognitive load prediction was
well related to EEG beta and
gamma bands. In  speech
modelling, the acoustic frames that
reflected hesitations and
pronunciation irregularity
presented high attribution scores.
In the case of textual inputs,
semantically complex tokens and
syntactic inconsistencies were

found to be more important. These findings affirm that the model predictions are not based on
accidental correlations but multimodal patterns that have a meaning. The interpretability
framework improves the transparency of the pedagogical process and promotes actionable

learner feedback.

D. Comparative Performance Metrics

The Explainable Deep Transformer Framework performed well on the classification of
multimodal cognitive and behavioural data.
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Fig. 10. Performance Metrics of Proposed Model
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In particular, the model achieved a total accuracy of 93.5%), which means the model had a
high percentage of accurately predicted levels of performance of the learners in the test set.
The macro-averaged precision of 0.91 indicates that the model is effective in reducing the false
positive prediction in all classes, and the recall of 0.87 indicates that the model is strong in
identifying the true states of a learner without serious omission. The corresponding F1-score
of 0.89 validates the existence of a well-balanced trade-off between precision and recall, which
would imply that the predictive behaviour would be very likely to remain consistent even in
circumstances of possible class imbalance.

Fig. 10 demonstrates the success of the Transformer-based multimodal representation
learning with adaptive GMU fusion and suggests that the combination of the cognitive EEG
signals, speech embeddings, and behavioural interaction features can significantly boost
personalized learning of the English language as compared to unimodal baselines. The
proposed model is compared with traditional models.

TABLE Il shows that a BERT-based model, used in English Literature, is only 71.75%
accurate, and domain adaptation without fine-tuning is limited, as well as can be limited to
multimodal dependencies. Edu Transformer models, for personalized learning path generation,
are generally more precise, but they are also generally more expensive to train and need large
datasets.

TABLE .  PERFORMANCE COMPARISON OF MODELS
Model Accuracy F1-score

BERT [24] 71.75% 0.75

Edu  Transformer | .., 0.85

[25] 89%

loT-based 0 0.90

multimodal [26] | -7

Proposed Model 93.5% 0.92

The multimodal framework that is based on the IoT for predicting student engagement in
English education, although very competent, can add complexity to the system, increased cost
of deployment, data synchronization, and introduce latency problems in real-time setups. Also,
the multimodal systems tend to be more susceptible to noisy or missing sensor inputs, and this
could ruin performance in non-controlled experimental settings.

E. Discussion

The Transformer-based multimodal architecture showed better generalization than the
traditional machine learning classifier. The GMU mechanism was a dynamic adjustment of the
modality importance, especially in high cognitive load conditions, an augmentation of EEG
weighting and a fluctuation in behavioural weighting with an engagement fluctuation.
Integrated Gradients analysis also indicated that certain EEG spectral bands and speech frames
played a crucial role in the final predictions and led to a better understanding. The single
Transformer architecture made the learning of representation in a similar way across the
modalities, which helped in the stable optimization and enhanced feature abstractions.

1 —
RJOE JOURNAL 158


http://www.rjoe.org.in/

RESEARCH JOURNAL OF ENGLISH (RJOE)
www.rjoe.org.in | Oray’s Publications | ISSN: 2456-2696
An International Approved Peer-Reviewed and Refereed English Journal
Impact Factor: 8.373 (SJIF) | Vol. 11, Issue 2 (April/May&June;2026)

The experimental findings indicate that the suggested multimodal Transformer model is
capable of learning complementary cognitive, linguistic and behavioural patterns to
individualize the English learning process. These results of 93.5% accuracy and an F1-score of
0.92 demonstrate a high level of predictive reliability and equal performance of the classes. The
multimodal arrangement was much better than unimodal baselines at minimizing the
misclassification rates, specifically amongst the nearest proficiency groups. This enhancement
validates the existence of EEG-derived cognitive load predictor measures and speech-based
fluency predictor measures that offer discriminative data to behavioural interaction logs alone.

The GMU also helped to increase performance by dynamically changing the modality
weights based on the context of the learner, avoiding the dominance of one input stream over
the other. The high AUC value of 0.92 and the ROC analysis indicate that the model creates
strong decision boundaries amid the levels of learner performance. Also, both the Dice
coefficient and overlap analysis show that there is vigorous consistency between the anticipated
and actual labels, which proves stability in the model, in case of imbalance in the classes. The
findings of Integrated Gradients indicate that the predictions are made based on the semantically
meaningful EEG bands, speech parts that are influential, and the engagement metrics that are
influenced by the behaviour, and the system can be interpreted. On the whole, the findings
support the conclusion that multimodal integration with the help of Transformers can lead to a
higher predictive accuracy and transparency, which justifies the possibility of using such
frameworks in intelligent and adaptive learning of English.

V. CONCLUSION AND FUTURE WORKS

The study introduced an Explainable Deep Transformer Framework of Personalized English
Learning, which combines both cognitive EEG signals and speech-based linguistic
representations with adaptive learning interaction data in a single multimodal architecture. The
presented system successfully considers the complementary features of learners by utilizing
RoBERTa to do textual-behavioural modelling, a self-attention Transformer encoder to analyze
cognitive loads on EEG, and HUBERT to learn speech representation. Gated Multimodal Unit
allows customizing the weighting of multimodality, whereas Integrated Gradients supports the
interpretability of features, giving them levels of attribution. Transformer-based multimodal
fusion is effective, exhibiting a high level of predictive performance with better accuracy, which
validates the need to apply personalized learning based on experimental results.

Future studies can investigate the real-time implementation of the framework in adaptive
tutoring systems, as well as expand the model to cover other physiological stimuli, like the
dynamics of eye-tracking. The use of domain adaptation strategies would be beneficial in terms
of cross-dataset generalization, whereas reinforcement learning strategies might be utilized to
improve dynamic personalization. Also, the extension of the explainability framework to offer
visualizations of the feedback to the learners would help advance pedagogical applicability and
trust in Al-assisted education systems even further.
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